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Abstract
This paper investigates dynamic correlations both across commodities and between commodities and
traditional assets, such as equities and government bonds, using the Regime Switching Dynamic
Correlation (RSDC) model. In particular, this paper assesses the dynamics of 32 daily commodity
futures returns, spanning a period from May 28, 2003, to June 04, 2014, in the light of economic
and financial events before and after the mid-2007 financial crisis. There are three major findings.
First, prior to the financial crisis, we detect stronger correlation among the wide range of commodities
used in the analysis, indicating that the financialization process started impacting commodity price
movements from mid-2005. Between commodities taken as an asset class and traditional asset classes
our results generally show very weak commodity-equity and commodity-bond correlations prior to the
Lehman Brother collapse. This can be explained by the “style ”effect theory that correlations between
different asset classes in a portfolio weaken. Second, during the financial crisis, correlations both across
commodities and between commodities and equities increase dramatically, with a regime change
which coincides exactly with the demise of Lehman Brothers on September 15, 2008. This suggests
that a strong commodity-equity integration was temporarily masked by the “style ”effect. However,
commodity-bond correlations switch to a strongly negative regime, showing that government bonds
were considered as refuge securities. Third and most importantly, the new and original finding here is
the temporary nature of the financial crisis effect identified, as correlations both across commodities
and between commodities and traditional assets revert to pre-crisis level from April 2013. This
highlights the impact of the financial-based factors on commodity price movements.
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1 Introduction
The most attractive aspect of commodity investments is that they oﬀer diversiﬁcation beneﬁts
both by hedging against inﬂation and by improving the risk-adjusted performance of a mixed-
asset portfolio due to the low, or even negative, correlations between this alternative class of
assets and traditional assets, such as equities or bonds (Gorton and Rouwenhorst, 2006; Chong
and Miﬀre, 2010; Daskalaki and Skiadopoulos, 2011; Büyükşahin et al., 2010; Büyükşahin and
Robe, 2014). As equities performed poorly for two years following the 2000 burst of the Internet
bubble, these alternative assets were therefore increasingly included in the strategic portfolio
allocation process by institutional investors, particularly pension funds.
Investable commodity indices oﬀer wide exposure to diﬀerent commodity futures in diﬀer-
ent sectors of commodity markets, allowing index investors to reduce the risk of their overall
investment portfolios whilst avoiding the problems involved in managing the physical goods.
Commodity index swap dealers, having short positions with their investors, must hedge their
positions by taking long positions on the underlying commodity futures. The inﬂow of index
investors initiates the commodity ﬁnancialization process1.
Before the 2007-2008 ﬁnancial crisis, decreases in equity prices were generally accompanied
by increases in commodity prices, reﬂecting a certain autonomy between commodity and equity
markets. A new feature that emerged from the recent ﬁnancial crisis was similar trends in equity
and commodity markets. The synchronized sharp decline in equity and commodity prices in
2008 indicates increasing correlations between the two markets. Tang and Xiong (2010, 2012)
stressed the importance of ﬁnancialization in increasing the correlation both amongst seemingly
unrelated commodities and between commodity and equity returns; the ﬁnancial crisis simply
further magniﬁed this eﬀect. This raises the question of the role of commodities as a diversiﬁcation
tool. The aim of this paper is twofold. Firstly, we analyze correlations both across commodity
futures and between commodity futures and traditional assets, focusing on commodity-equity
correlation. Secondly, we measure the impact of the 2007-2008 ﬁnancial crisis, assessing whether
the crisis caused a temporary or a permanent shift in the correlation trend, thereby providing
insights into commodity price movements during recent years.
Existing theories on correlations across indexed assets show how fundamentally uncorrelated
assets may move together when they become index constituents. According to the “style invest-
ment”theory of Barberis and Shleifer (2003) and Barberis et al. (2005), constructed for stock
markets and adapted by Basak and Pavlova (2013) to commodities, commodity index invest-
ment increases correlations among seemingly unrelated commodities in commodity index. This
increases homogeneity among indexed commodities, leading them to be accepted as a distinct
asset class or “style”, like equity and ﬁxed interest asset classes. However, commodity index in-
vestments may have two counteracting eﬀects on co-movements between commodity indices, and
therefore on index constituents and traditional assets like stocks, depending on index investors’
rebalancing strategies and the composition of their portfolios. On the one hand, commodity index
trading can act as a channel leading to higher correlations with other assets in a portfolio. As
index investors, having incentives to maintain their portfolio diversiﬁcation level, rebalance their
portfolios between commodities and stocks when a shock alters portfolio weights, correlations
among the diﬀerent assets increase (Basak and Pavlova (2013)). On the other hand, to be rec-
ognized as an asset class, commodity futures need to exhibit a suﬃciently low correlation with
1 The World Bank estimates as much as $325 billion worth of assets are under the management of the hedge fund
industry, about nine times higher than in the last decade (World Bank Commodity Market outlook 2012,...2014).
Moreover, the total amount invested in commodity derivatives in the over-the-counter market of securities firms or
banks of the leading 11 developed countries rapidly increased after 2005 from $1400 trillion (base for notional value)
in December 2004 to $ 9000 trillion in December 2007 (BIS, Regular OTC Derivatives Market). Also, a CFTC
staff report (2008) estimates that the total amount invested in commodity indices by non-commercial participants
increased from $15 billion in 2003 to $200 billion in 2008.
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other asset classes; this is one of the qualitative criteria (in addition to suﬃcient market capital-
ization, availability of pricing and investability). Barberis and Shleifer (2003) consider this weak
correlation as a consequence of the "style" competition caused by the externality generated by
switcher investors: switching portfolio composition between commodity indices and stocks leads
to a weak, even negative, correlation between the two competing asset classes. To sum up, index
investments can have a positive as well as a negative impact on commodity-equity correlations,
the overall co-movement reaction depending on whether positive or negative eﬀects prevail.
However, in times of ﬁnancial crisis, regardless of these theoretical index investment eﬀects,
correlations may sharply increase between diﬀerent asset classes included in investors’ portfolios,
particularly between commodities and equities, the largest part of investors’ portfolios (Kyle and
Xiong, 2001; Brunnermeier and Pedersen, 2009). When a market collapses, investors, particu-
larly leveraged, are drawn into a "loss spiral" (Brunnermeier and Pedersen (2009)) and sell risky
assets to raise liquidity, causing falls in unrelated asset returns.2 Although again unrelated to
fundamentals, this common eﬀect sharply increases correlations, both across commodities as a
distinct asset class and between commodities and other asset classes. This is in line with the
Büyükşahin et al. (2010) notion of a “market of one”, postulating an increase in co-movements
among unrelated asset classes during turbulent periods. Relatedly, Singleton (2012) documents a
signiﬁcant contribution by ﬂows from institutional investors to the 2008 boom/bust in oil prices.
Numerous empirical studies examine the link between commodity and equity markets before
the ﬁnancial crisis. There seems to be broad consensus that correlations between these two
assets are weak and generally follow a decreasing trend, suggesting that commodity futures do
improve diversiﬁcation beneﬁts for investors. Jensen et al. (2000) and Erb and Harvey (2006)
report that the correlation between commodity futures returns and the S&P 500 is weak and
even negative for some commodities. Chong and Miﬀre (2010) apply the multivariate dynamic
conditional correlation (DCC) GARCH approach introduced by Engle (2002) on 25 commodities
and seven equity assets (within the S&P 500 index), spanning the period from December 12,
1980 to December 27, 2006. They ﬁnd that the conditional correlations between commodity
and S&P500 returns fall over time, a sign that commodity futures have become better tools for
strategic asset allocation. Conversely, Choi and Hammoudeh (2010) study the correlation between
ﬁve commodities (Brent oil, WTI oil, copper, gold and silver) and the S&P 500 index, using the
DCC GARCH model, for the period between January 2, 1990 and May 1, 2006. Their results
show that equity-commodity correlations started to rise as early as 2003 and hence diversiﬁcation
beneﬁts declined.
Büyükşahin et al. (2010) study the correlation between the S&P 500 and six commodity
sub-indices, namely, Agriculture, Energy, Industrial Metals, Livestock, Non-Energy and Precious
Metals. They treat structural breaks exogenously by using subsample analysis for the periods
June 1991-May 1997, June 1997-May 2003 and June 2003-November 2008. They contend that,
even though the co-movements between equities and commodities increased substantially during
the ﬁnancial crisis, they remained lower than their peaks in the previous decade, suggesting that
commodities retained their role as a diversiﬁcation tool. These ﬁndings are consistent with those
in Büyükşahin and Robe (2014) using updated data from January 1991 to February 2010.
In order to take into account correlation regime changes, Silvennoinen and Thorp (2013) apply
a bivariate conditional volatility and correlation dynamics model (DSTCC-GARCH), developed
by Silvennoinen and Teräsvirta (2009). They include 24 individual commodity futures returns
along with major equity indices in the U.S. and Europe from May 1990 to July 2009, plus US
government bonds, and use either time calendar or the implied volatility index (VIX) as transition
variables governing the correlation switch. Contrary to Büyükşahin et al. (2010), Büyükşahin
and Robe (2014) and Chong and Miﬀre (2010), their main ﬁndings are in line with those of
2Closely related to the "loss spiral" theory of Brunnermeier and Pedersen (2009), Kyle and Xiong (2001) propose
a model explaining that in times of financial crisis, financial intermediaries experience wealth effects reducing their
risk-bearing capacity and pushing them to sell all types of assets held in their portfolios.
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Tang and Xiong (2010, 2012). They support the rising trend hypothesis, i.e. that all commodity
correlations with stock indices, except for gold, start to increase gradually well before the ﬁnancial
crisis, reﬂecting the eﬀect of ﬁnancial integration between markets, and grow sharply during the
turbulent period of the ﬁnancial crisis. However, correlation with the bond market is generally
weak and constant over the sample data, being particularly low, or even switching to a negative
regime, for Industrial Metals.
Our paper contributes to this rich debate by extending previous studies in two principal re-
spects. First, from a methodological perspective, a novel and distinctive feature of the paper is
that it adopts the Regime Switching for Dynamic Correlations (RSDC) model of Pelletier (2006),
estimated using the EM (Expectation–Maximization) algorithm. Both in DSTCC, applied by
Silvennoinen and Thorp (2013), and in RSDC, dynamic correlations can switch between two or
more constant correlation matrices, depending on the number of regimes. The main diﬀerence
between the two approaches lies in the assumption concerning the mechanism that governs the
switch. The DSTCC assumes a deterministic switch based on a conditional transition function
which includes smoothing and localization parameters and either deterministic or stochastic tran-
sition variables. The problem with such an approach is that the regime switch depends on the
transition variable selected. This problem does not arise with the RSDC, however, as it assumes
that the switch between constant correlation matrices is established through an underlying hid-
den stochastic process with a ﬁrst order Markov chain. Moreover, the DSTCC model encounters
major numerical problems when estimated with a large number of series, whereas the RSDC
can be applied to a large dataset, especially when it is estimated using an EM algorithm. The
ease with which the RSDC performs large-scale estimations allows us to model series in groups,
whereas the DSTCC would only be able to deal with bivariate estimations. Second, applying the
EM algorithm to estimate the model allows us to exploit a more extensive data set, covering the
period of the 2007-2008 ﬁnancial crisis. While most papers use either commodity indices or a
few individual commodity futures prices, we consider daily data for the four major commodity
indices and 32 individual commodity futures returns, along with stock and bond returns, span-
ning a period from May 28, 2003, to June 04, 2014. Our sample period allows for analysis to
be performed before and after the ﬁnancialization as well as during the ﬁnancial crisis and the
subsequent changes, so as to clearly distinguish between ﬁnancialization-related and crisis-related
eﬀects on the change in correlation trend.
Our main ﬁndings can be summarized as follows. First, before the ﬁnancial crisis, our results
conﬁrm the theoretical ﬁndings of both “style eﬀect”and asset management allocation: we detect
stronger integration among the large selection of commodities used in the analysis. Moreover, as
in Tang and Xiong (2010, 2012), we ﬁnd that correlations between Non-Energy commodities and
WTI started to increase well before the recent ﬁnancial crisis, indicating that the ﬁnancializa-
tion process started impacting commodity price movements prior to the recent turbulent period.
However, regarding correlations between commodities as an asset class and traditional ﬁnancial
assets, our results generally show very weak commodity-equity and commodity-bond correlations
prior to the Lehman Brothers collapse. This proves the relevance of the “style eﬀect”theory to
explain the dynamic links between commodities and both stock and bond markets. However, it
may not be possible to consider commodities as a fully-ﬂedged “style”, as we detect a signiﬁcant
heterogeneity among commodity groups. Our second major ﬁnding is that, during the ﬁnancial
crisis, correlations both across commodities and between commodities and equities increased dra-
matically, with a regime change that coincided perfectly with the demise of Lehman Brothers on
September 15, 2008. This reﬂects the “loss spiral”eﬀects during the period of ﬁnancial market
tensions. However, commodity-bond correlations switched to a strongly negative regime, showing
that government bonds were being considered as refuge securities. The third and most important
of our ﬁndings contributes to the debate by revealing the temporary nature of the ﬁnancial crisis
eﬀect. Correlations both across commodities and between commodities and traditional assets re-
verted to their pre-crisis level by April 2013, thus conﬁrming that ﬁnancial-based factors impact
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commodity price movements.
In the next section, we outline the econometric methodology used in the empirical analysis.
Section 3 presents detailed descriptive statistics of the dataset. Section 4 discusses empirical
results of analysis across commodities. Section 5 focuses on correlations between commodities
and traditional assets. Section 6 concludes.
2 Methodology
In this paper, we adopt the general framework of multivariate GARCH models with dynamic
conditional correlations. Introduced by Bollerslev (1990), the conditional correlations model was
ﬁnely tuned by Engle and Sheppard (2001) to introduce time-varying conditional correlations.
Formally, the general framework of multivariate GARCH models with dynamic correlations as-
sumes that a stochastic process rt of size (K × T ) is deﬁned by:
rt|Ft−1 ∼ L(0, Ht) (1)
where Ft−1 refers to the information set generated by the observed series rt up to t− 1, while L
is a distribution function with zero mean and conditional variance Ht. The expression of Ht is
given by:




1,t , ..., h
1/2
K,t) (3)
is a diagonal matrix composed of the standard deviation of the K univariate series. This de-




Then, the expectation of the standardized residuals gives the conditional correlations.
The seminal speciﬁcation of Engle and Sheppard (2001) proposes a time-varying conditional
correlation using an autoregressive formulation for Rt such that:
Rt = diag {Qt}
−1/2 Qtdiag {Qt}
−1/2 (5)
The conditional covariance matrix Qt is expressed as a BEKK formulation:
Qt = (1− α− β)Q+ αǫi,t−kǫ
′
j,t−k + βQt−l (6)
in which Q is the unconditional covariance matrix. Enthusiasm for this class of models resulted in
a vast literature, as exhaustively reviewed by Bauwens et al. (2006), Silvennoinen and Teräsvirta
(2009), Engle (2009) and Francq and Zakoian (2010).
In this paper, we study the conditional correlations given two constraints arising from our
dataset: computationally feasible estimation of the model and the possibility of breaks. A few
Markov-switching models have been proposed, like Billio and Caporin (2005), Pelletier (2006)
and Haas and Mittnik (2008). The advantage of the Regime Switching for Dynamic Correlations
(RSDC) model of Pelletier (2006) lies in oﬀering a Markov-Switching structure for the correlation
process by imposing constant correlations within each regime but switch from one regime to
another via a Markov chain of order one, at the same time as making it possible to estimate with






where {st}t∈N is a ﬁrst order Markov chain with N states and Rn a constant correlation matrix.
In other words, the correlations evolve between N constant correlations matrices, moving from
one to another according to the Markov chain.
The ﬁrst advantage of the RSDC is economic: unlike autoregressive formulations, which are
diﬃcult to understand from an economic point of view, this model has a clear cut economic ex-
planation because each regime is linked to a constant correlation matrix. Secondly, this model
can be estimated using an EM algorithm. In fact, the drawback of many dynamic conditional
correlations models lies in the fact that estimation of parameters for large datasets can encounter
diﬃculties in handling extensive data. Being able to apply an EM algorithm means that less
structured models do not need to be used when handling large datasets.
We use a two-stage estimation for the RSDC where the log- likelihood is written as the sum
of the volatility component and the correlation term. For the ﬁrst step, we perform the estima-
tion of each univariate volatility model using a search procedure across a class of 8 univariate
GARCH speciﬁcations selected according to the Bayesian information criterion (BIC). Finally,













where θ1 denotes the parameter space for the univariate volatility. The log-likelihood of the
correlation term is expressed as follows:















with θ2 the parameter space for the correlation part. Because the latent process is unobserved,
the estimation step requires inferring the state of the Markov chain. Let ξjt be the probability
of being in regime j given the information set available at time t − 1 and ηjt the density under
regime j. The probability ξˆt|t of being in a regime at time t given the observations up to t can







ξˆt|t+1 = P× ξˆt|t (11)
where P is a transition matrix and ◦ denotes the element-by-element multiplication. Based on




t=2 P(st = j, st−1 = i|εT , θˆ2)∑T
t=2 P(st = i|εT , θˆ2)
(12)
There is no re-estimation formula for directly updating the correlations matrices. In a ﬁrst step,





t)P(st = n|εT , θˆ2)∑T
t=1 P(st = n|εT , θˆ2)
(13)
and then obtain the correlations matrices Rˆn by rescaling the covariance Qˆn using the transfor-
mation deﬁned in equation 5. As noted by Pelletier (2006), this rescaling produces a value for
the log-likelihood obtained by the EM algorithm that does not exactly match the value computed
with a Newton-type algorithm, but remains very close to it. Nonetheless, the EM algorithm al-
lows very rapid estimation of high-dimensional systems while maintaining a full structured model




The data considered in this study consist of 4 commodity indices, namely, the S&P Goldman
Sachs Commodity Index (GSCI), the Dow-Jones UBS (DJ-UBS) Commodity Index (which are
the dominant commodity benchmarks for investors) the Rogers International Commodity index
(RICI) and the Thomson Reuters/Jeﬀeris CRB Index (CRB), as well as 32 individual commodity
futures contract price series. The traditional assets include the S&P500 as equity asset index and
JP Morgan US Government Bond total returns (JPMUS) as bond assets, along with a measure
of volatility, the CBOE VIX volatility index, also considered a fear index on ﬁnancial markets.3
Frequency is daily from May 28, 2003, to June 4, 2014, for a total of 2876 observations. Futures
contract series can be classiﬁed in groups, representing various sectors of the commodity market,
as follows:
1. Energy: crude oil (WTI), coal, natural gas.
2. Precious Metals: gold, silver, palladium, platinum.
3. Industrial Metals: aluminum, copper, zinc, tin, lead, nickel.
4. Agriculture: barley, corn, oats, rice, soybeans, soybean oil, wheat, palm oil, sunﬂowers,
cocoa, coﬀee, sugar, cotton, lumber and orange juice.
• Grains: barley, corn, oats, rice, soybeans, wheat and sunﬂowers.
• Softs: cocoa, coﬀee, sugar, cotton, lumber and orange juice.
5. Livestock: live cattle, lean hogs, feeder cattle.
Commodity futures prices used in this study are from Bloomberg, which provides what is
known as “generic”futures. Many factors need to be considered in computing “generic”or contin-
uous contracts in order to avoid signiﬁcant price jumps or drops when concatenating contracts
for the same commodity over time. Bloomberg builds “generic”futures series by using a nearest
futures contract approach, rolling over from the most active contract or the contract nearest
to expiry to the next nearest one. The active contract is typically based on the open interest
and volume in the contract.4 Our empirical work uses a data set where all variables have been
transformed to returns by multiplying the ﬁrst diﬀerence of the logarithm by 100. In order to
approximate the true cost as closely as possible and following Silvennoinen and Thorp (2013)
and Hong and Yogo (2011), we take an equally weighted average across returns to generic futures
with the available maturity dates in each period and collateralize with the 3-month US Treasury




k=1 r˜i,t,τk + rf,t, where r˜i,t,τk is the log
return to k-th futures contract with maturity τk, and rf is the daily T-bill rate.
Tables 1 and 2 report the summary statistics for diﬀerent asset classes. As reported in earlier
studies, commodity indices and commodity futures other than natural gas and aluminum have
higher mean daily returns, between 3% and 6%, than those of traditional assets, about 2% and
0.25% for S&P 500 and Bonds, respectively. These high commodity returns are coupled with
higher volatility relative to both equity and bond assets, conﬁrming the commonly-observed
excessive commodity price volatility over recent years attributed to either the boom-and-bust
cycle or to excessive speculation by index investors.5 Furthermore, all series are leptokurtotic,
3Data details and sources are given in the Dataset Appendix.
4More details about generic contracts are given in Chantziara and Skiadopoulos (2008).
5For more details about the two opposing explanation for excessive commodity price volatility, see Tang and
Xiong (2010, 2012).
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Table 1: Descriptive statistics: commodity futures returns.
Mean∗ Min Max Var. S. dev. Med. Kurtosis Skewness Engle LM test∗∗
wti 0.0438 -8.9974 9.8897 3.0802 1.7550 0.0610 6.4176 -0.1863 10.6053
(5.9791e−02)
heating oil 0.0469 -8.6200 8.5821 2.7989 1.6730 0.0090 5.2767 -0.0761 9.8504
(7.9586e−02)
natural gas -0.0148 -10.5418 8.3090 3.3323 1.8255 0.0148 4.6865 0.0976 22.7141
(3.8280e−04)
coal 0.0209 -9.8928 10.3161 1.7355 1.3174 -0.0209 13.2462 -0.3336 35.1850
(1.3820e−06)
gold 0.0423 -9.9038 7.8360 1.4245 1.1935 0.0043 8.1521 -0.5370 3.1449
(6.7766e−01)
silver 0.0413 -17.7329 12.6415 3.9884 1.9971 0.0647 9.1641 -0.7097 2.5285
(7.7220e−01)
platinum 0.0301 -7.1475 11.4117 1.3411 1.1581 0.0210 10.1054 0.0579 9.6109
(8.7043e−02)
palladium 0.0500 -13.0528 9.8420 4.1915 2.0473 0.0067 6.6506 -0.5696 11.7640
(3.8168e−02)
aluminum 0.0100 -7.7585 5.6434 1.8475 1.3592 -0.0039 5.2381 -0.3544 6.6848
(2.4516e−01)
copper 0.0474 -10.1199 11.5452 3.3368 1.8267 -0.0288 6.7288 -0.1615 10.4875
(6.2545e−02)
nickel 0.0280 -15.6456 12.8105 5.5945 2.3653 -0.0279 6.1572 -0.1705 3.5365
(6.1787e−01)
lead 0.0520 -12.8007 12.3169 4.7691 2.1838 0.0189 6.0628 -0.2894 4.4848
(4.8191e−01)
tin 0.0547 -11.0386 13.7926 3.6308 1.9055 0.0033 7.9563 -0.2254 5.7381
(3.3254e−01)
zinc 0.0326 -10.2372 8.3663 3.9190 1.9796 -0.0092 5.2176 -0.2584 5.0592
(4.0870e−01)
corn 0.0224 -7.3758 8.7767 2.1265 1.4583 -0.0200 5.9026 -0.0074 1.6067
(9.0044e−01)
soybeans 0.0274 -7.1534 6.6567 2.3152 1.5216 0.0345 5.5978 -0.3652 1.6498
(8.9516e−01)
soybean oil 0.0198 -7.0416 6.5350 2.0287 1.4243 -0.0165 5.3922 -0.0027 1.8563
(8.6865e−01)
wheat 0.0243 -8.2315 7.2575 2.4635 1.5696 -0.0231 5.5793 -0.0184 6.8854
(2.2930e−01)
coﬀee 0.0324 -10.7111 10.9987 3.1794 1.7831 -0.0099 5.5894 0.1429 6.1642
(2.9057e−01)
cotton 0.0093 -7.8303 6.2534 1.9679 1.4028 0.0230 5.2593 -0.1629 6.4381
(2.6589e−01)
orange juice 0.0201 -11.3623 10.2091 2.7022 1.6438 0.0295 7.1633 -0.2721 9.2091
(1.0101e−01)
barley 0.0112 -54.5683 53.4137 5.5580 2.3575 -0.0112 212.7716 0.4454 11.4333
(4.3435e−02)
oats 0.0289 -11.1912 11.8538 2.6695 1.6339 0.0096 7.6775 -0.0651 18.6134
(2.2682e−03)
rice 0.0205 -6.7346 6.3782 1.6521 1.2853 -0.0205 4.8653 0.0047 4.9306
(4.2441e−01)
palm oil 0.0202 -10.0779 7.4185 1.7139 1.3092 -0.0198 8.6608 -0.4479 2.3458
(7.9952e−01)
cocoa 0.0235 -8.8601 7.5449 2.6824 1.6378 -0.0067 5.8077 -0.1880 3.7737
(5.8244e−01)
sugar 0.0297 -10.4868 6.7202 2.3486 1.5325 0.0116 7.4521 -0.6231 12.5627
(2.7840e−02)
lumber 0.0079 -5.1275 7.0852 1.3683 1.1697 -0.0079 5.4558 0.4772 17.9320
(3.0329e−03)
sunﬂowers 0.0321 -8.2065 12.6384 0.7954 0.8919 -0.0265 23.0523 0.2749 111.0000
(0.0000e+00)
lean hogs 0.0180 -4.9718 5.9656 0.8693 0.9324 0.0344 5.6446 -0.2404 1.7156
(8.8693e−01)
live cattle 0.0233 -4.0081 3.2186 0.4796 0.6925 0.0150 5.7203 -0.3185 6.1628
(2.9070e−01)
feeder cattle 0.0287 -4.9763 3.0858 0.4940 0.7029 0.0076 5.8747 -0.3607 18.9979
(1.9238e−03)
Engle DCC test∗∗ (118.7318)
(0.0000e+00)
In brackets, critical values for the tests. ∗ Mean of the series in returns. ∗∗ With 5 lags.
This table reports summary statistics for the 32 daily collateralized commodity futures returns from May 28,
2003 to June 4, 2014. We take futures returns (changes in log prices multiplied by 100) and collateralize them
with the daily 3-month US Treasury Bill (T-bill) secondary market rate. Details about commodity futures
contracts and sources are provided in Appendix A.
with some high values for barley and sunﬂowers. One explanation for the increasing demand for
commodities in recent years is return distribution. As commodity returns are usually positively
skewed and less volatile than traditional assets, which are usually positively skewed, they entail
lower downward risk than traditional assets. When the tail event occurs simultaneously for
both commodities and traditional assets, commodities add diversiﬁcation beneﬁts to the portfolio
allocation. Conversely, however, for the considered sample, the distribution of commodity returns
is negatively skewed, except for natural gas, barley, soybean oil, sunﬂowers and lumber, also
showing volatility relative to traditional assets, suggesting that the diversiﬁcation beneﬁts of
commodities can vanish.
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Table 2: Descriptive statistics: commodity indices and ﬁnancial series.
Mean∗ Min Max Var. S. dev. Med. Kurtosis Skewness Engle LM test∗∗
VIX -0.0194 -34.8762 40.4722 36.9983 6.0826 -0.2449 7.6601 0.6535 29.0372
(2.2801e−05)
SP500 0.0245 -9.4665 10.8993 1.5034 1.2261 0.0281 14.9362 -0.3456 11.0127
(5.1128e−02)
JPMUS 0.0149 -1.9720 2.1031 0.0925 0.3041 -0.0075 5.6525 -0.0232 11.7970
(3.7678e−02)
DJUBS 0.0042 -6.4065 5.6433 1.2508 1.1184 -0.0042 5.6604 -0.2686 3.8549
(5.7049e−01)
GSCI 0.0077 -8.6565 7.2070 2.2747 1.5082 -0.0077 5.9488 -0.2421 7.5208
(1.8470e−01)
RICI 0.0229 -7.6446 6.2630 1.5286 1.2364 0.0041 6.5998 -0.3501 5.9896
(3.0724e−01)
JFCRB 0.0131 -6.8909 5.7332 1.2985 1.1395 -0.0024 6.2877 -0.3217 4.9948
(4.1652e−01)
GSCIAG -0.0003 -7.4749 7.1571 1.9301 1.3893 0.0003 5.2609 -0.1334 0.9470
(9.6673e−01)
GSCIIM 0.0322 -9.0473 7.5567 2.6422 1.6255 -0.0317 5.3376 -0.2803 9.1893
(1.0175e−01)
GSCIEN 0.0055 -9.6141 9.7997 3.6001 1.8974 -0.0055 5.7241 -0.1661 7.5972
(1.7988e−01)
GSCILIVE -0.0073 -4.2411 3.2617 0.7259 0.8520 0.0073 3.9197 -0.1843 5.2175
(3.8991e−01)
GSCIPM 0.0396 -10.1443 8.7219 1.7237 1.3129 0.0009 8.0151 -0.5434 2.1419
(8.2919e−01)
Engle DCC test∗∗ (741.8260)
(0.0000e+00)
In brackets, critical values for the tests. ∗ Mean of the series in returns. ∗∗ With 5 lags.
This table reports summary statistics for 4 commodity index and sub-index returns, as well as equity and bond
returns (changes in log prices multiplied by 100). Commodity indices are: Goldman Sachs Commodity Index
(GSCI), Dow Jones UBS Commodity Index (DJ-UBS), Reuters/Jefferies Commodity Research Bureau Index
(RJ/CRB) and Rogers’ International Commodity Index (RICI). The sub-indices used in this analysis are those
of the GSCI index, namely, GSCI Energy (GSCIEN), GSCI Industrial Metals (GSCIIM), GSCI Agriculture
(GSCIAG), GSCI Livestock (GSCILS) and GSCI Precious Metals (GSCIPM). For equity returns we used Stan-
dard and Poor’s S&P 500 and for bond returns the JP Morgan US Government Bond total returns (Datastream
database). Along with financial variables we also include the CBOE VIX volatility index. Data are obtained
from Bloomberg and span the period between May 28, 2003 and June 4, 2014.
A second explanation for the increasing investment in commodities is the weak, even negative,
correlation between commodities and traditional asset returns, which encourages investors to use
commodities to reduce portfolio risk. As reported in Tables 1 and 2, Engle’s LM1 tests and
Engle’s DCC tests, all with ﬁve lags, conﬁrm the absence of serial correlation and reject the
hypothesis of constant correlations. Table 3 then summarizes information about unconditional
correlations, both inter- and intra- group, and with the SP500 and US bonds throughout the
period, as well as for the pre- and post-global ﬁnancial crisis periods.
The unconditional correlations throughout the period (Table 3a) show that energy, Precious
Metals, industrial Metals and oils have a signiﬁcant positive correlation, while Agriculture and
Softs seem to show intra-heterogeneity, with a relatively weak correlation coeﬃcient. The inter-
group correlations point to a certain independence in how sectors evolve. The highest correlation is
between Precious and Industrial Metals groups. Commodity groups and indices have positive and
relatively high correlations with the S&P 500 and negative correlations with US bonds. However,
tables 3b and 3c show a sharp contrast between correlations before and after the ﬁnancial crisis,
suggesting a signiﬁcant change in the correlation process. In the pre-crisis period, correlations
between commodity futures and indices returns and the S&P 500 are very low and even negative
for energy and oil groups and the GSCI index, despite the fact that, as pointed out by Tang
and Xiong (2010, 2012), the ﬁnancialization process started from 2004. In contrast, during
the post-crisis period, correlations with equity indices increase signiﬁcantly. A strong increase
in inter-group average correlations is also observed, conﬁrming earlier results in the literature
suggesting increased correlations in bear markets (see Ang and Chen (2002), Longin and Solnik
(2001), and Campbell et al. (2002)). Cross-group correlations also increase between periods, but
only slightly. These descriptive statistics conﬁrm our choice of non-linear speciﬁcation to analyze
the link between commodities and traditional asset classes.
Estimation with the RSDC involves ﬁrst extracting the univariate volatility of each series.
Following Cappiello et al. (2006), we tested seven GARCH models (all at ﬁrst order): GARCH,
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Table 3: Average correlations across commodity groups and with ﬁnancial
assets.
Energy Precious Met Industrial Met Grains Softs Live DJ-UBS GSCI
Intra groups
Ave. 0.4233 0.6079 0.5847 0.2463 0.1302 0.4597
Min. 0.2990 0.5124 0.4712 0.0142 0.0464 0.2486
Max. 0.9235 0.7557 0.7476 0.7910 0.2682 0.7620
Inter groups
Energy 0.24 0.24 0.18 0.16 0.14 0.60 0.66
Precious Met 0.35 0.18 0.17 0.10 0.49 0.37
Industrial Met 0.16 0.17 0.12 0.52 0.41
Grains 0.14 0.09 0.36 0.27




SP500 0.2274 0.1469 0.2524 0.1184 0.1521 0.1327 0.3100 0.3186
JPMUS -0.1140 -0.0315 -0.1555 -0.0779 -0.0813 -0.0887 -0.1830 -0.1976
(a) 06/2003–03/2014
Energy Precious Met Industrial Met Grains Softs Live DJ-UBS GSCI
Intra groups
Ave. 0.4263 0.5313 0.5058 0.2162 0.0975 0.4208
Min. 0.1970 0.4330 0.3393 -0.0055 0.0019 0.2026
Max. 0.9237 0.6965 0.7216 0.7886 0.2321 0.7523
Inter groups
Energy 0.22 0.14 0.13 0.12 0.07 0.59 0.66
Precious Met 0.30 0.16 0.15 0.07 0.44 0.31
Industrial Met 0.08 0.10 0.02 0.41 0.26
Grains 0.11 0.03 0.28 0.18




SP500 -0.0192 0.0288 0.0996 0.0024 0.0421 -0.0168 0.0255 -0.0309
JPMUS 0.0226 0.0353 -0.0289 -0.0268 -0.0178 -0.0301 -0.0179 0.0038
(b) Pre-15/09/2008
Energy Precious Met Industrial Met Grains Softs Live DJ-UBS GSCI
Intra groups
Ave. 0.4279 0.6594 0.6490 0.2748 0.1529 0.4986
Min. 0.2134 0.5004 0.5378 0.0211 0.0475 0.2959
Max. 0.9310 0.7945 0.7713 0.7950 0.3130 0.7719
Inter groups
Energy 0.26 0.32 0.22 0.19 0.20 0.62 0.67
Precious Met 0.38 0.19 0.18 0.13 0.53 0.42
Industrial Met 0.22 0.22 0.21 0.62 0.53
Grains 0.16 0.14 0.42 0.35




SP500 0.3632 0.2049 0.3403 0.1805 0.2088 0.2229 0.4604 0.5093
JPMUS -0.2300 -0.0814 -0.2618 -0.1195 -0.1322 -0.1406 -0.3162 -0.3665
(c) Post-15/09/2008
This table provides the average unconditional correlations within and between
commodity groups, and those of commodity groups and commodity indices
with the S&P 500 and US bonds. Panel (a) shows correlations using data for
all sample periods from 06/03/2003 to 06/04/2014, panels (b) and (c) show
correlation results using respectively pre- and post-crisis periods.
EGARCH, FIGARCH, ZARCH, GJR-GARCH, AGARCH and NAGARCH, adding to them the
MS-GARCH (Haas et al., 2004). This pool of models gave us the option of choosing between a
simple GARCH model and models including asymmetry, threshold eﬀects or long memory. Model
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selection was performed using a Bayesian information criterion.6
4 Co-movements across commodities
Investable commodity indices grew rapidly in recent years because they oﬀer wide exposure to
diﬀerent commodity futures in diﬀerent sectors in commodity markets, allowing index investors
to reduce the risk of their overall investment portfolios, whilst avoiding problems linked to the
management of the physical goods. In order to replicate the commodity index, institutional
investors, or swap dealers where institutional investors outsource the management of their futures
trading, must have a long position on the underlying commodity futures. This increasing trading
in and out of commodity futures is called ﬁnancialization of commodities.
According to the “style investment”theory of Barberis and Shleifer (2003) and Barberis et al.
(2005), developed in the context of stock markets and adapted by Basak and Pavlova (2013) to
commodities, commodity index investment leads to an increase in correlations among seemingly
unrelated commodities which are part of a commodity index. This increases homogeneity between
diﬀerent indexed commodities, leading them to be accepted as a distinct asset class or “style”,
like equity and ﬁxed interest asset classes. Amongst other qualitative criteria for recognizing
an asset class satisfied by commodities, namely sufficient market capitalization, availability of
pricing and investability, commodity futures forming an asset class should exhibit a sufficiently
low correlation with other asset classes. This will be covered in the next section.
However, a financial crisis can amplify financialization effects. When the market collapses,
investors, particularly if leveraged, are drawn into a "loss spiral" (Brunnermeier and Pedersen
(2009)), selling assets to raise liquidity and thereby causing falls in unrelated asset returns7. This
commonly produces another unrelated-to-fundamentals effect that sharply increases correlations
both across commodities as a distinct asset class and between commodities and other classes.
Relatedly, Singleton (2012) documents the significant contribution of flows from institutional
investors to the 2008 boom/bust in oil prices.
We first examine the estimation results on correlations among the full range of commodities
and then further the analysis by investigating correlations between Non-Energy commodities and
WTI. By allowing for more than two regimes, the RSDC model ensures that the dynamics of
the correlation process related to the different commodity co-movement phases are taken into
account, before, during and after both financialization and financial crisis.
4.1 Co-movements across the full range of commodities
As pointed out by earlier studies, estimating multivariate GARCH models with time-varying
conditional correlations is an extremely difficult task, and even more so when the number of
commodities increases. The notable advantage of estimating the RSDC model by an EM algo-
rithm lies in the fact that a large number of conditional correlations can be estimated without
the specification constraints that are usually entailed when dealing with a large number of series.
Moreover, unlike autoregressive formulations which deliver information that is not easily inter-
pretable from an economic point of view, the RSDC model offers a clear-cut economic explanation,
given that each regime is linked to a constant correlation matrix which can cross-referenced, for
instance to bull or bear market periods. This enables us to shed light on more general commod-
ity market behavior during recent years through applying the theories mentioned above, while
6Selected models and estimated parameters for the 32 series of commodities, commodity(sub-) indices and
traditional assets are reported in the supplementary Apendix (Tables 1 and 2 page 6). Figures 5 and 6, in the
supplementary Appendix, show the estimated volatilities for commodities and the indices, respectively.
7Closely related to the "loss spiral" theory of Brunnermeier and Pedersen (2009), Kyle and Xiong (2001) propose
a model explaining that in times of financial crisis, financial intermediaries experience wealth effects, reducing their
risk-bearing capacity and pushing them to sell all types of assets held in their portfolios.
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making allowance for the regime changes detected by the model. To this end and as in Tang and
Xiong (2010, 2012), we distinguish between In-index and Oﬀ-index commodities. This distinction
is based on the fact that the latter are not bought and sold by commodity index providers to
oﬀset their net position and should not therefore be subject to the ﬁnancialization process and to
the “style”eﬀect. A weaker correlation can therefore be expected between Oﬀ-index commodities
than between indexed commodities. Our Oﬀ-index sample contains coal, barley, palm oil and
sunﬂowers.8 Furthermore, we distinguish between commodity groups in order to detect any dy-
namic correlation divergence into commodity classes and then, at a more disaggregated level, we
analyze the bivariate dynamic commodity return correlations.
Figure 1: Overall commodity conditional correlations
















Note: this figure provides the estimated smoothed probability (left) and equally average correlation pairs of
commodity futures daily returns (right), for the period between May 28, 2003 and June 4, 2014. Panel (a)
contains results for the all commodity sample and the bottom two panels ((b) and (c)) reports results for
respectively In- and Off-index commodity futures returns. The timeline of the figure in panels (a) and (b)
indicates a correlation regime change on September 15, 2008, corresponding exactly to the Lehman Brothers
demise. Regime One refers to the weaker correlation regime. Panel (c) indicates that correlations across Off-
index commodity futures returns vary without regime change.
Figure 1 reports probabilities and the dynamics of the equally average correlation pairs of
overall commodity futures returns. It is easy to see that the ﬁnancial crisis period involves a
new correlation regime between diﬀerent commodity futures returns, with a regime change that
coincides exactly with Lehman Brothers’ collapse on September 15, 2008. Furthermore, the
transition matrix9 indicates that each regime is highly persistent with the probability of staying
in a regime being higher than 0.99.10 The second regime, coinciding with the ﬁnancial crisis and
the Lehman default, corresponds to an increase in magnitude of all correlations relative to those
in the low correlation regime (Figure 1a). The equally weighted average of returns correlations
of all commodity pairs increases from about 0.14 to 0.20, suggesting that commodity markets are
8We use a different definition of In- and Off-index commodities from that of Tang and Xiong (2010, 2012).
We consider commodities not only in the GSCI and the DJ-UBS but also in RICI and JF/RBC as "In-index",
"Off-indexed" otherwise. We think that although the GSCI and DJ-UBS are the most important indices, the two
others are not negligible in terms of trading volume (US dollar 55bn, 23bn, 1bn and 3.5bn, respectively). That
being said, we do estimate correlations of Off-index commodities following the definition of Tang and Xiong (2010,
2012) and, as expected, we do not find a significant difference from those of In-index commodities. Results are not
reported in the paper but available upon request.
9Results are not reported but are available upon request.
10It could be argued that, as in Tang and Xiong (2010, 2012), the financialization process that began in 2004
may have led to a regime change in the dynamic correlation across commodities. Hence, as a robustness check,
we estimated our model with three and even four regimes. Results clearly indicate the absence of an additional
significant regime, and are available upon request.
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driven more by broader trends than by fundamental factors speciﬁc to each market. This result
confirms the "loss spiral" argument that correlations between unrelated assets increase in periods
of extreme conditions. However, this argument suggests that dynamic correlations should have
transitioned back to the low correlation regime as the financial crisis wound down in May 2009
and the recession in the US oﬃcially ended in June 2009. Our sample length covers a long enough
period after the crisis to enable us to detect any return to the lower correlation regime (regime
One). It is worth noting that regime One does seem to show up again on some occasions: very
brieﬂy in early 2010 and, in late 2012, and more frequently in 2013.
However, this result does not allow us to conclude ﬁrmly on the temporary nature of the
ﬁnancial crisis eﬀect. Rather, it shows that the eﬀect lasted longer than expected after the
immediate crisis abated in 2009. It is true that the high ﬁnancial asset volatility concomitant
with the ﬁnancial crisis, as measured by the VIX (see Figure 2 in the supplementary Appendix
page 3), had ended by mid-2009, but two signiﬁcant spikes emerge in May-October 2010 and
August 2011-April 2012, which could have prolonged the initial eﬀect of the 2007-2008 ﬁnancial
crisis. However, as the higher correlation regime extends beyond April 2012, the ﬁnancial crisis
cannot fully account for this regime. An alternative explanation might be that investors’ risk
preferences were lastingly impacted by extreme events, outlasting the actual estimated shift in
correlation.
On the other hand, Figure 1a shows that before the signiﬁcant rise in the higher correlation
regime (regime Two), dynamic correlations seem to initiate a slight increasing trend, conﬁrming
Tang and Xiong (2010, 2012)’s view and the “style”investment argument that the ﬁnancialization
process started impacting commodity correlations before the ﬁnancial crisis. Moreover, as shown
in Figure 1c, despite the absence of an identiﬁed regime change, Oﬀ-index commodity correla-
tions are subject to a ceiling varying between 0.03 and 0.14, with more steady increases after
the Lehman Brothers default. These results indicate a certain disconnection between Oﬀ-index
commodities, providing additional evidence for the ﬁnancialization eﬀect in indexed commodi-
ties, and conﬁrm the ﬁndings of Basak and Pavlova (2013) and Tang and Xiong (2010, 2012) that
ﬁnancialization aﬀects not only In-index commodities but also, to a lesser extent, Oﬀ-index com-
modities. However, our estimated average correlations of In- and Oﬀ-index commodities diﬀer in
magnitude from those of Tang and Xiong (2010, 2012). This diﬀerence may be due to diﬀerent
deﬁnitions of Oﬀ-index commodities and to diﬀerent estimation methodologies.
However, the dynamic correlations of the overall sample may mask large variations among
commodity groups. By analyzing speciﬁc groups, we identiﬁed three main types of switching
dynamic (Figure 11 in Appendix C). The special feature of the ﬁrst group, composed of Grains,
Softs, Livestock and Precious Metals (Figures 11c, 11d, 11e and 11f, respectively), is that corre-
lations vary, without identiﬁed regime switches, between 0.16 and 0.26, 0.05 and 0.18, 0.38 and
0.5, and 0.51 and 0.68, respectively. For the second group, composed of Energy commodities, we
observe a diﬀerent dynamic correlation path. The higher correlation regime (regime Two) starts
well before the 2008 ﬁnancial crisis, and regime One returns and ﬁrmly establishes it self at the
end of fall 2012 (Figure 11a); correlations then decline to even below their pre-crisis levels. This
proves the temporary nature of the ﬁnancial crisis eﬀect on this group and would tend to reinforce
the idea that the "loss spiral" mechanism triggered by the ﬁnancial crisis was simply revealing
the ﬁnancialization and "style" investment process eﬀect on the commodity returns correlation
dynamics. By contrast, however, our ﬁndings on correlations across the third group, Industrial
Metals, deserve particular attention: this group undergoes a regime change slightly after the
Lehman Brothers demise on September 15, 2008 (Figure 11b), and the weaker correlation regime
(regime One) shows up again at the end of the sample. Moreover, it is worth noting the remark-
able similarity between the dynamic correlations of this group and those of the overall sample,
suggesting that the dynamic switching of the former drives that of the latter.
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4.2 Co-movements between Non-Energy commodities and WTI
A complementary strategy to study dynamic correlations across commodities is to evaluate cor-
relations of the constituent commodities with their index, as done in Barberis et al. (2005) for
stock markets. Moreover, as by construction the index is correlated with its constituents, we use
WTI as a proxy for commodity indices since it is the most heavily weighted commodity across
the four commodity indices used in this study. This solution is also used by Tang and Xiong
(2010, 2012). We ﬁrst focus on correlations between the overall Non-Energy commodity sample
and WTI; then we compare diﬀerent commodity Non-Energy groups’ correlation with WTI; ﬁ-
nally, we separately treat the correlations of individual commodities with WTI to obtain greater
detail. For these estimations, we construct three equally-weighted indices of Total, In-index and
Oﬀ-index Non-Energy commodities. This allows us to estimate probabilities of regime change
for dynamic correlations only between Non-Energy commodities and WTI, thereby eliminating
those across Non-Energy commodities themselves.
Figure 2: Total Non-Energy commodity-WTI conditional correlations




































Note: this figure plots the estimated smoothed probability (left) and dynamic correlation of the equally-weighted
indices of Non-Energy commodity futures returns with WTI (right), using daily data between May 28, 2003 and
June 4, 2014. Panel (a) contains results from the equally-weighted index constructed from the total non-energy
commodity futures returns. Panels (b) and (c) contain results from the equally-weighted indices constructed
from In- and Off-index Non-Energy commodity futures returns, respectively. Results indicate three dynamic
correlation regimes for Total and In-index commodities. While the weaker correlation regime (regime One)
corresponds to the period preceding the financialization process, the higher correlation regime (regime Two)
corresponds to the financial crisis period. Regime Three, the intermediate correlation regime, reflects commodity
financialization. Only two regimes are identified for Off-index Non-Energy commodities: regime One and regime
Two correspond respectively to the weaker and higher regimes.
Smoothed probabilities and the dynamic Non-Energy commodity index-WTI correlations in
Figure 2 reveal several important results. First, the RSDC model detects three signiﬁcant regimes
corresponding to lower, intermediate and higher correlations. During the intermediate regime
(regime Three), correlations followed a new upward trend, gradually going from about 0.20 in
July 2005 to about 0.60 just before the Lehman Brothers collapse in September 2008. This
may reflect the financialization effect and reinforces the "style" effect theory, confirming empirical
findings by Tang and Xiong (2010, 2012) that the average correlation of Non-Energy commodity
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Figure 3: Non-Energy commodity groups-WTI conditional correlations







































































Note: this figure plots the estimated smoothed probability (left) and dynamic correlation of the equally-weighted
indices returns, constructed from Non-Energy commodity futures groups (as defined in Section 3), with WTI
(right), using daily data between May 28, 2003 and June 4, 2014. For instance, Panel (a) contain results from
the equally-weighted index constructed from Industrial Metals futures returns. Results indicate three dynamic
correlation regimes for Industrial Metals, Agriculture, Grains and Softs groups. The weaker correlation regime
(regime One) corresponds to the period preceding the financialization process, the higher correlation regime
(regime Two) corresponds to the financial crisis period. Regime Three, the intermediate correlation regime,
reflects commodity financialization. Only two regimes, lower (regime One) and higher (regime Two) regimes,
are identified for Livestock and Precious Metals.
futures returns with WTI started increasing well before the ﬁnancial crisis. Second, correlation is
indeed found to have increased signiﬁcantly on September 15, 2008, to about 0.70, remaining high
until September 2012. Importantly, therefore, our results for the ﬁrst time reveal the temporary
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nature of the ﬁnancial crisis eﬀect.
This is compelling evidence in support of the "loss spiral" argument and the market-of-one
notion, implying a reversion to the lower pre-crisis correlation regime. As explained above,
since the financial crisis officially ended in June 2009, the brief turbulent periods that followed
between 2010 and mid-2012 may appear to have prolonged the financial crisis regime. A third
important finding is that, correlations reverted to the pre-crisis level in a gradual manner: first
the intermediate regime (regime Three) started to show up again in September 2012, before giving
way to the lower correlation regime (regime One). Fourth, we find that Off-index Non-Energy
commodity-WTI correlations rose to 0.17 during the financial crisis and reverted to pre-crisis
levels in September 2012 (Figure 2c). Although correlations started to increase a little before
the Lehman Brothers demise, our model did not separate out this relatively small upward trend
as a fully-fledged regime.11 This finding further confirms the above-discussed theories and is
consistent with Tang and Xiong (2010, 2012) and Basak and Pavlova (2013), who found that
financialization and, by implication, financial crisis effects are more pronounced on In-index than
on Off-index commodity futures returns.
Other interesting findings are identified when analyzing the correlations of different Non-
Energy commodity groups with WTI (Figure 3).On the one hand, dynamic correlations between
the different commodity groups (except for Precious Metals and Livestock) and WTI are char-
acterized by three separate regimes. This is very similar to results from Total and In-index
Non-Energy commodities. On the other hand, Livestock group-WTI correlations follow a differ-
ent path: only two regimes are detected, with a low correlation regime until September 15, 2008,
giving way to the high financial crisis regime, and appeared again at the end of September 2012.
Precious Metals too highlights the heterogeneity in Non-Energy commodity-WTI correlations. Its
dynamic correlations with WTI continually move between 0.05 and 0.55 without any identified
regime change, reflecting its safe-haven status.
As for total Non-Energy commodities, indices for Non-Energy commodity groups are con-
structed using equally-weighted commodity futures returns for each group. For robustness, we
also apply an alternative measure using GSCI sub-index weights.12 Results are qualitatively
similar and robust with the two alternative definitions of constructed indices (Figure 12). Fur-
thermore, as a second robustness check, we estimate dynamic correlations between the available
Non-Energy GSCI sub-indices, namely GSCI Industrial metals, Agriculture, Livestock and Pre-
cious Metals, and WTI. Once again, our estimations give very similar results to those from
constructed indices (Figure 13 in Appendix C).
To further reveal commodity-specific characteristics, we decide to analyze each Non-Energy
commodity-WTI correlation pair estimated using bivariate models, as a complement to the total
and group analyses. The specific and independent switching dynamics of each pairwise correlation
were examined. As expected, the timeline of the sub-figures in Figure 4 indicates a variety
of commodity-WTI correlations in switching dynamics. More precisely, smoothed probabilities
(Appendix C) show that for some bivariate estimations, three regime changes are detected (Figure
14), while only two regimes are identified for the others (Figure 14). The common feature of Non-
Energy individual commodity futures returns, except for barley, sunflowers and orange juice, is
the steep jump in their correlations with WTI coinciding with either the financial crisis or the
demise of Lehman Brothers. This confirms findings by Tang and Xiong (2010, 2012) that the
correlation of Non-Energy commodities with WTI has increased, which is interpreted as evidence
of the financialization of commodities. This is reinforced by the finding that individual Off-index
commodities, such as barley and sunflowers, are totally disconnected with WTI, with correlations
fluctuating around zero. Unlike previous studies, moreover, our results show the temporary
nature of the recent hike in these correlations, which is due to the temporary large shock from
11Transition matrix and smoothed probability clearly show the absence of a third regime. Results are available
upon request.



















































































































































































the ﬁnancial crisis, as several agricultural, soft and oil individual futures return correlations return
to their pre-crisis levels.
This is more consistent with the notion of a "market-of-one" and the "loss spiral" theory
whith investors facing fire sales of liquid risky assets during periods of high volatility in financial
markets. Interestingly, individual Industrial Metals commodities exhibit remarkable similarity,
both with their group and with each other, in terms of timing of the change across regimes and
the correlation spread value between low and high correlation regimes. The common turning
point corresponds to the demise of Lehman Brothers, after which the higher correlations regime
seems to be persistent, except for aluminum and zinc. On the other hand, correlations between
individual Off-index commodity futures returns, except palm oil, with WTI are consistent with the
expected theoretical findings and results from total Off-index commodities. Palm oil, however,
behaves exactly like In-index commodity futures: its correlation with WTI sharply increases
during the financial crisis period, reverting to its low level by the end of September 2012.
5 Co-movements between commodities and traditional assets
Several previous empirical studies examine the co-movement between commodity and equity re-
turns with the objective of judging the diversification benefits of commodity futures as alternative
assets in portfolios and assessing whether or not commodity and financial markets are becoming
more closely integrated (Jensen et al. (2000), Erb and Harvey (2006), Chong and Miffre (2010),
Tang and Xiong (2010), Choi and Hammoudeh (2010), Büyükşahin et al. (2010), Silvennoinen and
Thorp (2013), and Büyükşahin and Robe (2014)). In this section we ﬁrst examine the dynamic
correlation between commodities and the S&P 500, and second, we conduct the same analysis for
commodity-bond co-movements.
5.1 Commodity-equity co-movements
The focus on commodity-equity co-movements is justiﬁed by the large weight of stocks in the
commodity index investors’ portfolio. As explained in Tang and Xiong (2010), increasing invest-
ment in commodity indices may have two opposing eﬀects on co-movements between commodity
indices and traditional asset returns such as stocks, depending on index investors’ rebalancing
strategies and the composition of their portfolios. On the one hand, commodity index trading
can act as a channel of higher correlations with equities in a portfolio, as index investors, hav-
ing incentives to maintain their portfolio diversiﬁcation level, rebalance their portfolios between
commodities and stocks when shock alters portfolio weights (Basak and Pavlova (2013)). On the
other hand, portfolio composition switches between commodities and stocks can generate a weak
and even negative correlation between the two diﬀerent asset classes. This eﬀect ties in with the
"style effect" theory (Barberis and Shleifer (2003)), which considers this negative correlation as a
consequence of the style competition caused by the externality generated by switcher investors.
To sum up, the overall commodity-equity co-movement reaction may depend on the combined
effect of these two opposing forces, or on whether positive or negative effects prevail.
However, in times of financial crisis, regardless of the above effects, correlations may sharply
increase between different asset classes comprising investors’ portfolios, particularly between com-
modities and equities, the largest segment of investors’ portfolios (Kyle and Xiong (2001) and
Brunnermeier and Pedersen (2009)).
First, we present estimation results on commodity index-equity correlations using the four
most popular commodity indices. Secondly, based on the above theories, we take a closer look at
commodity-equity correlations through estimations using individual commodity futures returns.
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Figure 5: Commodity indices and the S&P 500





















Note: this figure plots the estimated smoothed probability (left) and dynamic correlation of commodity indices
returns with S&P 500 (right), using daily data between May 28, 2003 and June 4, 2014. Results indicate two
dynamic correlation switching regimes, regime One referring to the weaker correlation regime.
5.1.1 Commodity indices and the S&P 500
Figure 5 shows pairwise correlations among all four equity-commodity indices, namely GSCI,
DJ-UBS, RJ-CRB and RICI.13 Smoothed probabilities between the S&P500 and diﬀerent indices
follow a similar pattern, indicating a regime change precisely in September 15, 2008 following
the Lehman bankruptcy. As indicated in the previous section, we estimate our model with
no restriction on the number of regimes, and our estimations clearly support the existence of
only two regimes. As we can see, during regime One, dynamic correlations between commodity
indices and the S&P 500 are very low and even negative for the GSCI index, except for some
insigniﬁcant ﬂuctuations, before the dramatic upsurge to more than 0.5 in regime Two. This is
in agreement with the ﬁndings of Gorton and Rouwenhorst (2006), Büyükşahin et al. (2010) and
Büyükşahin and Robe (2014), but contrary to those of Tang and Xiong (2010), who ﬁnd that the
correlation between the GSCI index and the S&P500 started to increase from 2004. As explained
in Büyükşahin and Robe (2014), the rolling correlation technique can lead to biased estimation
due to sensitivity to volatility. These results are therefore more consistent with the "style effect"
theory, which documents the very weak correlation between competing asset classes or "styles",
and their robustness to different commodity indices consequently runs counter to the theoretical
findings of Basak and Pavlova (2013).
Evidence that the commodity-equity returns correlation was negligible prior to September
2008 and has increased sharply since then is not new, being frequently found in the literature
(Gorton and Rouwenhorst (2006), Büyükşahin et al. (2010) and Büyükşahin and Robe (2014)).
Our work clearly identiﬁes a regime change in commodity-equity correlations, corresponding
exactly to the Lehman Brothers collapse on September 15, 2008 when the prices of most tradable
13We also estimate equity correlations with GSCI sub-indices. The focus on the GSCI index is justified by its
very high market share (63%). Results from sub-indices (Figure 16), especially GSCI Energy, are similar to those
from the GSCI index, except for GSCI Precious metals, confirming the status of precious metals as a safe haven.
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assets simultaneously experienced sharp declines within the same day. This correlation shift can
be attributed to Büyükşahin et al. (2010)’s notion of a "market of one" which is in line with the
"loss spiral" theory of Brunnermeier and Pedersen (2009) during turbulent periods.
Most importantly, our work advances the debate by providing, for the ﬁrst time, a clear-cut re-
sponse to the frequently asked question of whether the ﬁnancial crisis eﬀect on commodity-equity
correlations is temporary or permanent. It is worth noting that regime One, which corresponds to
the weak correlation regime, shows up once simultaneously for all commodity indices during the
tranquil period between the two VIX spikes in May-October 2010 and August 2011-April 2012,
before becoming established since April 2013. Correlations then revert to their pre-crisis level as
implied by the "loss spiral" theory, emphasizing the temporary nature of the ﬁnancial crisis eﬀect
on commodity-equity correlations.
5.1.2 Individual commodity futures returns and S&P 500
We now turn to the analysis of individual commodity futures return correlations with the S&P500.
Our main interest is in determining whether or not individual commodity futures correlations with
the S&P 500 behave diﬀerently from those of their corresponding indices. This allows us to gauge
the eﬀect of the ﬁnancialization process on commodity futures returns and to complete the picture
related to the "style" investment theory, since the commodity index constituents should have weak
or negative correlations with other competing asset classes.
Figure 6: Total commodities with S&P 500
















Note: this figure plots the estimated smoothed probability (left) and dynamic correlation of the equally-weighted
indices of commodity futures returns with S&P 500 (right), using daily data between May 28, 2003 and June 4,
2014. Panel (a) contains results from the equally-weighted index constructed from the total commodity futures
returns. Panels (b) and (c) contain results from the equally-weighted index constructed from In- and Off-index
commodity futures returns. Results indicate two dynamic correlation switching regimes , regime One referring
to the weaker correlation regime.
Figure 6 exhibits smoothed probabilities and correlations between individual commodities
and the S&P 500.14 Similar to our ﬁndings from commodity indices, our model detects only two
dynamic correlations regimes with a signiﬁcant regime shift on September 15, 2008, moving from
close to zero to 0.55. Moreover, correlations reverted to the pre-crisis level at the same time, in
April 2013.
14We use the same commodity index construction as in the previous section, namely an equally weighted index
from individual commodity futures returns. In addition, our results are robust to the alternative construction
method for indices using GSCI weights (see Figure 17).
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In addition, as Oﬀ-index commodity-equity correlations hover around zero across the sam-
ple without any clear regime change (sub-Figure 6c), the distinction between In- and Oﬀ-index
commodity futures returns sheds light on two important issues. First, regarding the period pre-
ceding the ﬁnancial crisis, the absence of correlation with equities further conﬁrms the relevance
of the "style" theory compared to the rebalancing portfolio argument, which postulates that
even Off-index commodity-equity correlations increase, although to a lesser degree than In-index
commodity-equity correlations. Second, this result further supports the "loss spiral" theory since,
contrary to In-index, Off-index commodity correlations with stock returns remain negligible dur-
ing the financial crisis. This is consistent with the fact that only In-index commodity futures,
which are bought and sold by commodity index providers to offset their net position, are subject
to selling pressure during the turbulent period.
Figure 7: Commodity groups with S&P 500




































Note: this figure plots the estimated smoothed probability (left) and dynamic correlation of the equally-weighted
indices returns, constructed from commodity futures groups (as defined in Section 3), with S&P 500 (right),
using daily data between May 28, 2003 and June 4, 2014. For instance, Panel (a) contains results from the
equally-weighted index constructed from industrial metals commodity futures returns. Results indicate two
dynamic correlation switching regimes, regime One referring to the weaker correlation regime.
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The goal now is therefore to understand whether there is heterogeneity between commodity
group co-movements with the S&P 500. Figure 7 exhibits commodity-equity correlations for each
group, namely Industrial Metals, Energy, Agriculture, with a distinction between Grains and
Softs, Livestock and Precious Metals.15 The Energy group correlations (Figure 7a) stands out
because of its remarkable similarity with the commodity indices-equity correlation in Figure 5, in
terms of synchronized structure change and particularly the common decline in their correlations
with the S&P 500 between February 2011 and April 2011. This decline in correlation is most likely
related to the decline in the VIX during the period of calm between the two VIX spikes in May-
October 2010 and August 2011-April 2012. Not being common to the other Non-Energy groups,
this suggests that the Energy group are the most ﬁnancialized commodities, those most strongly
integrated with equities, and therefore more dependent on events in global ﬁnancial markets than
on fundamentals. This is not surprising, as the Energy group has the largest weight in commodity
indices, especially the GSCI index (see Table 4 in Appendix A). Moreover, the negative correlation
of this group with the S&P 500 before the financial crisis (-0.04) is consistent with the "style"
effect theoretical findings, suggesting that the Energy group is likely to be considered by investors
as a fully-fledged "style" differentiated from other commodity groups.
Also noteworthy in sub-Figure 7b is the timing of the Industrial Metals group correlation
regime change, as correlation increases sharply in May 2009, well after the demise of Lehman
Brothers.16 This means that Industrial Metals commodity futures returns were not impacted
by fire sales on the eve of the current financial crisis. The similarity between these results and
those from the GSCI Industrial metals sub-index (Figure 18a in Appendix D), together with the
difference between the latter two results and those from commodity indices (Figure 5), indicate
that investors do not consider all commodities jointly as a fully-fledged asset-class. Rather,
investors seem to distinguish between commodity groups, thereby justifying the sub-indices offered
by most institutions, such as S&P Goldman Sachs or Dow-Jones UBS. Index investors, therefore,
may not have considered Industrial Metals commodities as riskier assets, the latter not being
among the assets sold in fire sales immediately after the Lehman Brothers collapse. One plausible
explanation of investor behavior is the emerging market economies’ growing demand for these
commodities, which positively influenced risk perception regarding these assets. This appears
to have been sufficient to offset the expected sharp price decline following the mass selling on
commodity indices. However, as the financial crisis started to affect the world’s real economy, the
demand on Industrial Metals commodities and therefore their prices experienced a sharp decline,
which in turn sharply increased correlations with equities in May 2009. Moreover, we can observe
the relatively high correlation (0.15) between this group and equities during the low correlation
regime compared to the other groups. The rebalancing portfolio argument in Basak and Pavlova
(2013) and Tang and Xiong (2010) may appear to better explain these results. However, as all the
other results from commodity indices-equities clearly support the "style" argument, we can only
think that economic fundamentals still largely explain returns movements of Industrial Metals
commodities.
Correlation between the Agriculture group and equities follows a similar path to that of its
corresponding GSCI sub-index. The inflection point of a very weak and a sharp rise in correlations
coincides with the Lehman Brothers default, with a reversion to the pre-crisis level at the end of
the sample in April 2013. A difference in reversion date emerges, however, when we distinguish
between the Grains and Softs groups. The Livestock group has the same pattern as Agriculture
and Energy, with the only difference, but one that is significant, occurring at the end of the sample:
15For robustness, we estimate correlations between equities and alternative indices constructed from commodity
groups using GSCI weights; results, provided in Appendix D, remain quite similar to those from equally-weighted
group indices. There is a remarkable similarity between results from both definitions of commodity group indices
and the corresponding GSCI sub-indices, except for Grains and Softs as GSCI do not provide a sub-index for Grains
and GSCI Softs is available only as from 2008.
16A similar correlation trend can be seen with both the index constructed using GSCI weights (Figure 17) and
the sub-index GSCI Industrial Metals (Figure 18a)
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the correlation seems to revert to crisis regime after a sharp decrease in mid-2013. Finally, results
on correlations between the Precious Metals group and equities conﬁrm once more the safe-haven
status of Precious Metals commodities.
Overall, two major features are brought to light by the commodity group analysis. First,
commodity index investors do distinguish between commodity groups and do not consider all
commodities jointly as an asset class. Second, there is substantial heterogeneity among commod-
ity groups, and Energy and Industrial Metals are special cases.
Figure 8 takes a closer look at commodity-equity correlations to reveal more features of cor-
relation dynamic switching and magnitude by estimating bivariate models. 17 Three major
ﬁndings emerge form this analysis. First, as Figure 8 shows, the commodity futures returns with
the largest weight, especially the GSCI index, seem to govern the dynamic correlation paths with
the S&P 500 of their corresponding groups and any sub-indices. This applies to WTI, aluminum
and copper, corn and soybeans, gold and live cattle18, and is consistent with the fact that these
commodities are more subject to the ﬁnancialization process. Second, despite some observed dif-
ferences in behavior, bivariate estimations show a high degree of homogeneity among commodities
belonging to the same group in terms of correlation with equities. Moreover, commodities which
behave diﬀerently are either Oﬀ-index commodities, namely barley and sunﬂowers, or belong
only to the RICI and RJ/CRB indices, like tin, rice, oats, lumber and orange juice19. For these
commodities, fundamentals, seasonality and speciﬁc physical market factors appear to remain
determinant factors. Third, as regards Precious Metals commodities, whereas gold and silver
seems to play their traditional role as safe-haven assets, platinum and palladium behave like
Industrial Metals: their correlations with equities remain very weak (0.05 and 0.08) until 2009,
subsequently increasing markedly (0.45). This is consistent with the fact that the most of the
demand for platinum and palladium (more than 80%) is attributable to the industrial sector, in
particular the automotive industry.
5.2 Commodity-bond co-movements
Although S&P 500 stocks and commodities represent a large fraction, institutional investors’ port-
folios include a certain amount of value and growth stocks, small, medium and large capitalization
stocks, US Treasury-bonds and Treasury-bills, and international assets.20
Some attention has also been paid in the literature to co-movements between commodities
and bonds (Chong and Miﬀre (2010) and Silvennoinen and Thorp (2013)). This section focuses
on correlation between commodities and US bonds in order to explore commodity co-movements
with another asset class such as ﬁxed-income assets. It extends these works, both by including
more commodity futures and commodity indices in the analysis and by using a longer time series
of data extending beyond the ﬁnancial crisis. Despite their smaller weight in investor portfolios,
the "style effect" theory should hold for bonds as a competing asset, suggesting a weak commodity-
bond correlation. However, during periods of financial turmoil like the recent financial crisis, and
contrary to stocks, the "loss spiral" argument does not hold. Investors actually become more risk
averse and tend to reduce their exposure to riskier assets, such as stocks, favoring safer assets
such as government bonds. We would therefore expect this asset class to behave differently from
commodities.
17In this respect in particular, the study most similar to ours is Silvennoinen and Thorp (2013) whose results
differ from ours, except for energy commodities, either in correlation magnitude and/or in regime changes. This is
mainly due to the difference in estimation approaches.
18For more details about commodity weights you can see Table 4 in Appendix A.
19Natural gas correlation with equity remains close to zero throughout the sample, showing a very different path
compared with those of WTI and heating oil. This is the only commodity belonging to all major commodity indices
showing such different behavior. This result is similar to that found in Silvennoinen and Thorp (2013).
























































































































































































Figure 9: Commodity indices and US Bonds





















Note: this figure plots the estimated smoothed probability (left) and dynamic correlation of commodity index
returns with US Bonds (right), using daily data between May 28, 2003 and June 4, 2014. Panels (a)-(d) represent
results for GSCI, DJ-UBS, RJ/CRB and RICI indices, respectively. Results indicate two dynamic correlation
switching regime; while regime One refers to the weak, but positive, correlation regime, regime Two refers to a
high and negative correlation regime.
Results from commodity index-US bond correlations in Figure 9 reveal at least three inter-
esting features. The period until September 15, 2008 exhibits a very weak commodity index
correlation with US bond returns (about 0.03 on average). This is consistent with the ﬁnan-
cialization and the "style effect" arguments, as discussed above. What is more interesting is
the fact that correlations sharply decrease to a negative regime (about -0.4) on the eve of the
Lehman bankruptcy, before returning to pre-crisis level in April 2013. As expected, the nega-
tive correlation regime (regime Two) may reflect the flight-to-quality notion: investors considered
government bonds as refuge securities in this turbulent period.21
The common significant spike shown in sub-figures 9a, 9b, 9c and 9d occurring between July
2010 and March 2011 corresponds to the period of calm when the VIX is almost at the same
low level as before the financial crisis.22 This further confirms the refuge status of US bonds,
as during this relatively short period of calm, correlations with commodities matched pre-crisis
levels. Finally, the correlation reversion to pre-crisis level in April 2013 confirms results from
commodity-equity correlations regarding the temporary nature of the financial crisis effect.
Figure 10 exhibits smoothed probabilities and correlations between equally-weighted commod-
ity indices and US bonds. Results from correlations between bonds and indices for both total
and In-index commodities (sub-Figures 10a and 10b) show exactly the same patterns and exactly
resemble results from commodity indices. Importantly, sub-Figure 10c shows that correlations
21Moreover, as we expected, this phenomenon is not restricted to the relationship between bond and commodities.
Although not reported in the paper, bond-equity correlations exhibit the same pattern with positive, but small,
correlations before the financial crisis and a highly negative correlation regime starting in fall 2008, which is
consistent with the findings of Engle and Sheppard (2001) and Andersen et al. (2007). This confirms the "market
of one" view of equity and commodity markets which are simultaneously subject to the flight-to-quality phenomenon.
22Results from US Bond correlations with Energy and Industrial Metals GSCI sub-indices (Figure 18), show a
similar pattern to the GSCI index, whereas those with GSCI Agriculture, Livestock and Precious Metals sub-indices
behave differently.
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between Oﬀ-index commodities remain negligible and constant at -0.2 over time. Once again,
this result supports the crucial role of the ﬁnancialization of commodity markets in impacting
the price determination process.
Figure 10: Total commodities with US Bonds
















Note: this figure plots the estimated smoothed probability (left) and dynamic correlation of the equally-weighted
indices of commodity futures returns with US Bond (right), using daily data between May 28, 2003 and June 4,
2014. Panel (a) contains results from the equally-weighted index constructed from the total commodity futures
returns. Panels (b) and (c) contain results from the equally-weighted index constructed from In- and Off-index
commodity futures returns. Results indicate two dynamic correlation switching regime; while regime One refers to
the weak, but positive, correlation regime, regime Two refers to a high and negative correlation regime.
When estimating US Bond correlations with equally-weighted group commodity indices (Fig-
ure 19)23, we obtain the same results as with the corresponding GSCI sub-indices (Figure 18).
We thus ﬁnd some heterogeneity among commodity groups: in particular, no regime changes
were detected for the Precious Metals and Livestock groups.
6 Conclusion
This paper examines co-movements across commodities and between commodities and traditional
assets such as equities and bonds. In particular, we employ the RSDC methodology allowing for
time variation in correlations matrices which evolve according to a regime switching process.
We show how this methodology sheds light on diﬀerent phases of correlation between seemingly
unrelated commodities and between these commodities and traditional assets. To do so, we focus
on the period before and after the rapid growth of index investment in commodities markets since
early 2003, and before and after the recent ﬁnancial crisis. Using a large data set of commodity
futures contract prices and commodity indices, we are able to address numerous aspects of the
correlation issue.
We detected strong integration among commodities concomitant with the ﬁnancialization
process due to heavy investment in commodity indices. Moreover, as in Tang and Xiong (2010,
2012), we ﬁnd that correlations between Non-Energy commodities and WTI started to increase
well before the recent ﬁnancial crisis, indicating that the ﬁnancialization process started impacting
price movements of commodities before the recent turbulent period. However, our ﬁndings on
correlations between commodities taken as an asset class and traditional ﬁnancial assets as a
23We find the same results from constructed groups using GSCI weights (Figure 20).
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whole show very weak commodity-equity and commodity-bond correlations prior to the Lehman
Brothers collapse. Weak correlation, however, does not necessarily mean weak integration. Here,
the increasing commodity-equity correlations found during the ﬁnancial crisis suggest, instead,
strong integration among competing financial asset classes ("Styles"). This confirms the "style
effect" theory that correlations between different asset classes in a portfolio weaken, and underlines
the importance of financialization in current commodity price movements.
This paper suggests new avenues of research in commodity financialization. We demonstrate
the need to use a non-linear model that takes into account changes in the financial sector and
its interaction with the commodities sector. However, correlation, the focus of this paper, does
not necessarily imply causality. A interesting question is, therefore, whether index investments
impact commodity prices, and to what extent. To provide a complete picture of commodity
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A Dataset
Table 4: Commodity futures weights in the major commodity indices
Commodities Exchange Bloomberg Ticker Contracts GSCI DJ-UBS RJ/CRB RICI
Energy 69.76% 32.39% 39% 40%
WTI crude oil NYM CL1-CL15 Every month 24.71% 9.20% 23% 16%
Heating oil NYM HO1-HO15 Every month 6.17% 3.52% 5% 1.80%
Natural gas NYM NG1-NG15 Every month 2.02% 10.42% 6% 5%
Coal NYM QZ1-QZ10 Every month 0 0 0 0
Industrial Metals 6.75% 16.95% 13% 14%
Aluminum LME LMAHDS (03 and 15) Every month 2.13% 4.91% 6% 4%
Copper LME LMCADS (03 and 15) Every month 3.28% 7.27% 6% 4%
Lead LME LMPBDS (03 and 15) Every month 0.40% 0 0 2%
Nickel LME LMNIDS (03 and 15) Every month 0.58% 2.24% 1% 1%
Tin LME LMSNDS (03 and 15) Every month 0 0 0 1%
Zinc LME LMZSDS (03 and 15) Every month 0.51% 2.52% 0 2%
Precious Metals 3.25% 7% 11.1% 7.1%
Gold CMX GC1-GC12 Mar, May, Jul, Sep, Dec 3% 10.81% 6% 5%
Silver CMX SI1-SI13 Mar, May, Jul, Sep, Dec 0.49% 3.89% 1% 4%
Palladium NYM PA1-PA3 Mar, Jun, Sep, Dec 0 0 0 0.30%
Platinum NYM PL1-PL5 Jan, Apr, Jul, Oct 0 0 0 1.8%
Agriculture 15.29% 30.72% 34% 30.4%
1- Grain 11.21% 22.64% 13% 21.6%
Corn CBT C1-C11 Jan, Mar, May, Jul, Aug, Nov 4.69% 7.05% 6% 4.75%
Soybeans CBT S1-S7 Jan, Mar, May, Jul, Aug, Sep, Oct, Dec 2.62% 5.49% 6% 3.50%
Rice CBT RR1-RR7 Mar, May, Jul, Sep, Nov, Jan 0 0 0 0.75%
Barley SFE-ASX FY1-FY7 Mar, May, Jul, Sep, Nov, Jan 0 0 0 0
Oats CME O1-O5 Mar, May, Jul, Sep, Dec 0 0 0 0.50%
Soybean oil CBT BO1-BO10 Jan, Mar, May, Jul, Aug, Sep, Oct, Dec 0 2.74% 0 2%
Palm oil MDE KO1-KO10 Jan, Mar, May, Jul, Aug, Sep, Nov 0 0 0 0
Sunﬂowers SAF SU1,SU2, SU4, SU5 Mar, May, Jul, Sep, Dec 0 0 0 0
Wheat CBT W1-W10 Mar, May, Jul, Sep, Dec 3.22% 3.43% 1% 4.75%
2- Soft 3.97% 8.08 21% 8.8%
Cocoa ICE CC1-CC10 Mar, May, Jul, Sep, Dec 0.23% 0 5% 1%
Sugar ICE SB1-SB8 Mar, May, Jul, Oct 1.85% 3.88% 5% 1%
Coﬀee ICE KC1-KC8 Mar, May, Jul, Sep, Dec 0.82% 2.44% 5% 2%
Cotton ICE CT1-CT10 Mar, May, Jul, Oct, Dec 1.07% 1.76% 5% 4.20%
Lumber CME LB1-LB7 Jan, Mar, May, Jul, Sep, Nov 0 0 0 1%
Orange juice ICE JO1-JO10 Jan, Mar, May, Jul, Sep, Nov 0 0 1% 0.60%
Livestock 4.96% 5.12% 7% 3%
Feeder cattle CME FC1-FC8 Jan, Mar, Apr, May, Aug, Sep, Oct 0.52% 0 0 0
Live cattle CME LC1-LC7 Feb, Apr, Jun, Aug, Oct, Dec 2.62% 3.28% 6% 2%
Lean hogs CME LH1-LH9 Feb, Apr, Jun, Aug, Oct, Dec 1.58% 1.90% 1% 1%
This table gives details of the 32 commodity futures contracts used in our study to calculate the daily log
returns from May 28, 2003 to June 4, 2014. Commodity futures contracts are generic contracts which refer to
as constructing continuous futures prices series from futures active contract data. For instance, CL1 is the WTI
Generic 1st contract, based on a 1-month WTI contract. Exchange-traded commodity futures markets are given
in the second column. The third and fourth column contain maturity months of futures contracts and their
Bloomberg tickers and the last four columns report the market value weights of each individual commodity within
the major commodity indices, principally Standard and Poor’s Goldman Sachs Commodity Index (GSCI) and Dow
Jones UBS Commodity Index (DJ-UBS)as well as Rogers International Commodity index (RICI) and Thomson
Reuters/Jefferis CRB Index (CRB), as of 2013. As commodity futures expires every one to three months, indices
need to specify a rolling rule to transfer weights of the futures from the expiring period’s contract to the next
available contract. The rollover schedules of the GSCI, DJ-UBS, RJ/CRB indices are business days 5-9, 6-10 and
1-4 respectively. For the RICI index, it runs from the day prior to the last RICI business day of the month to
the first RICI business day of the following month (for more details see RICI handbook). Industrial metals are
traded on LME and daily settlement prices are quoted for the futures contracts to a fixed maturity period of 3-
and 15-months.
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B Correlation across commodities
B.1 Correlation across commodity groups
Figure 11: Commodity conditional correlations by group































Note: this figure plots the estimated smoothed probability (left) and equally average correlation pairs within
groups (as defined in Section 3) of commodity futures daily returns (right), for the period between May 28, 2003
and June 4, 2014. Regime One, if any, refers to the weaker correlation regime.
B.2 GSCI groups and sub-indices correlation with WTI
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Figure 12: Commodity groups following GSCI weights with WTI







































































Note: this figure plots the estimated smoothed probability (left) and dynamic correlation of indices returns,
constructed from non-energy commodity futures groups (as defined in Section 3) and following GSCI weights
(see Table 1 for futures weight details), with WTI (right), using daily data between May 28, 2003 and June
4, 2014. For instance, Panel (a) contains results from the constructed GSCI-weighted index from Industrial
Metals futures returns. Results indicate three dynamic correlation switching regime, namely lower (regime
One), higher (regime Two) and intermediate (regime Three) regimes. Only two regimes, lower (regime One) and
higher (regime Two) regimes, are identified for Livestock and Precious Metals.
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Figure 13: GSCI sub-indices with WTI








































(d) GSCI Precious Metals Index/WTI
Note: this figure plots the estimated smoothed probability (left) and dynamic correlation of GSCI sub-indices,
with WTI (right), using daily data between May 28, 2003 and June 4, 2014. For instance, Panel (a) contains
results from GSCI Industrial Metals index. Results indicate three dynamic correlation switching regime, namely
lower (regime One), higher (regime Two) and intermediate (regime Three) regimes. Only two regimes, lower





































































































































































































































































































































































C Commodities with S&P 500
Figure 16: GSCI sub-indices with S&P 500

























(e) GSCI Precious Metals/SP500
Note: this figure plots the estimated smoothed probability (left) and dynamic correlation of commodity indices
returns with S&P 500 (right), using daily data between May 28, 2003 and June 4, 2014.Panels (a)-(d) represent
results for Industrial Metals, Energy, Agriculture, Livestock and Precious Metals GSCI sub-indices, respectively.
The focus on the GSCI index is justified by its very high market share (63%). Results indicate two dynamic
correlation switching regime, regime One referring to the weaker correlation regime.
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Figure 17: Commodity groups following GSCI weights with S&P 500




































Note: this figure plots the estimated smoothed probability (left) and dynamic correlation of indices returns,
constructed from non-energy commodity futures groups (as defined in Section 3) and following GSCI weights
(see Table 4 for commodity futures weight details), with S&P 500 (right), using daily data between May 28,
2003 and June 4, 2014. For instance, Panel (a) contains results from the GSCI-weighted index constructed
from Industrial Metals futures returns. Results indicate two dynamic correlation switching regimes, regime One
referring to the weaker correlation regime.
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D Commodities with Bonds
Figure 18: GSCI sub-indices with US Bond

























(e) GSCI Precious Metals/SP500
Note: this figure plots the estimated smoothed probability (left) and dynamic correlation of commodity indices
returns with US Bonds (right), using daily data between May 28, 2003 and June 4, 2014. Results indicate two
dynamic correlation switching regimes. While regime One refers to the weak, but positive, correlation regime,
regime Two refers to a high and negative correlation regime.
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Figure 19: Commodity groups with US Bonds



































(g) Precious Metals/US Bonds
Note: this figure plots the estimated smoothed probability (left) and dynamic correlation of the equally-weighted
indices returns, constructed from commodity futures groups (as defined in Section 3), with US Bond (right),
using daily data between May 28, 2003 and June 4, 2014. For instance, Panel (a) contains results from the
equally-weighted index constructed from Industrial Metals commodity futures returns. Results from panels
(a)-(e) indicate two dynamic correlation switching regimes; regime One referring to the weak, but positive
correlation regime and regime Two referring to the highly negative regime. Panels (f) and (g) have different
patterns without a regime change.
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Figure 20: Commodity GSCI groups with US Bonds



































(g) Precious Metals/US Bonds
Note: this figure plots the estimated smoothed probability (left) and dynamic correlation of constructed group
indices using GSCI weights, with US Bond (right), using daily data between May 28, 2003 and June 4, 2014. For
instance, Panel (a) contains results from the GSCI-weighted index constructed from Industrial Metals commodity
futures returns. Results from panels (a)-(e) indicate two dynamic correlation switching regime; regime One
referring to the weak, but positive correlation regime and regime Two referring to the highly negative regime.
Panels (f) and (g) have different patterns without a regime change.
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Supplementary Appendix :






















































































































































































































































































































































































































































































































Table 1 contains the selected model and estimated parameters for the 32 series of com-
modities, commodity (sub-) indices and traditional assets. Figures 5 and 6, in the sup-
plementary Appendix, show the estimated volatilities for commodities and the indices,
respectively.
Table 1: Degarching for commodities
Series Model selected ω α β γ p11 p22




























































































































































































































































































Continued on next page
6
(continued)
Series Model selected ω α β γ p11 p22























































































































































































































































































Note: the estimation of the RSDC involves first extracting the univariate volatility of each series.
Following ?, we tested seven GARCH models (all at first order): GARCH, EGARCH, FIGARCH,
ZARCH, GJR-GARCH, AGARCH, NAGARCH, and adding MS-GARCH (?). This pool of models
affords choice ranging from a simple GARCH model to specifications including asymmetry, threshold
effects or long memory. The selection of the best model was based on a Bayesian information criterion.
7
Table 2: Degarching: indices constructed from commodity futures returns.
Series Model selected ω α β γ p11 p22
































































































































































(a) Equally-weighted constructed commodity indices.
Series Model selected ω α β γ p11 p22




















































































































































































































































































































































































































































In this section, we provide estimated parameters from RSDC model. Rˆi represents the estimated correlation matrix (see
equation (5) in the paper), Cˆi represents the estimated covariance matrix of the regime i (see equation (13)) and Pˆ
represents the estimated transition matrix (see equation (12)). Standard errors (values in brackets) are given only for
bivariate estimations, results from multivariate estimations are available upon request.
Table 3: Co-movements across the full range of commodities.
wti heat. natu. coal gold silver platinum palladium allu. copper nickel lead tin zinc corn soybeans soyb. wheat coffe cotton oran. barely oat rice palm oil cocao sugar lumber sunflower lean hogs live. feed.
wti 1.00 0.94 0.52 0.23 0.31 0.29 0.26 0.25 0.26 0.25 0.16 0.15 0.18 0.19 0.27 0.30 0.37 0.17 0.15 0.22 0.10 0.07 0.17 0.17 0.07 0.12 0.20 -0.00 -0.00 0.13 0.13 0.00
heat. 1.00 0.49 0.22 0.28 0.24 0.21 0.22 0.24 0.22 0.13 0.14 0.17 0.17 0.25 0.29 0.33 0.16 0.15 0.20 0.09 0.07 0.15 0.12 0.05 0.10 0.16 -0.01 0.01 0.10 0.12 0.00
natu. 1.00 0.25 0.19 0.32 0.15 0.13 0.13 0.14 0.05 0.07 0.08 0.09 0.15 0.18 0.26 0.07 0.14 0.18 0.10 0.03 0.09 0.30 0.04 0.06 0.33 -0.03 0.06 0.12 0.15 0.10
coal 1.00 0.16 0.20 0.14 0.15 0.11 0.13 0.10 0.07 0.12 0.09 0.10 0.13 0.18 0.08 0.08 0.09 0.05 0.05 0.08 0.14 0.07 0.10 0.20 -0.02 0.03 0.07 0.08 0.03
gold 1.00 0.73 0.49 0.50 0.35 0.38 0.25 0.27 0.25 0.34 0.22 0.23 0.30 0.16 0.17 0.22 0.07 -0.00 0.17 0.15 0.13 0.23 0.17 0.00 0.01 0.07 0.10 -0.01
silver 1.00 0.44 0.50 0.33 0.37 0.22 0.24 0.24 0.33 0.24 0.25 0.33 0.14 0.21 0.29 0.10 0.02 0.18 0.29 0.12 0.23 0.33 0.03 0.01 0.12 0.18 0.06
platinum 1.00 0.51 0.30 0.32 0.22 0.21 0.15 0.28 0.23 0.22 0.25 0.15 0.20 0.18 0.14 0.09 0.14 0.17 0.18 0.16 0.18 0.01 0.02 0.04 0.12 0.04
palladium 1.00 0.34 0.35 0.26 0.27 0.21 0.32 0.20 0.24 0.27 0.13 0.22 0.21 0.07 -0.01 0.18 0.13 0.13 0.20 0.19 0.04 0.01 0.03 0.13 0.08
allu. 1.00 0.72 0.49 0.54 0.42 0.66 0.17 0.20 0.20 0.12 0.18 0.16 0.11 0.01 0.11 0.10 0.11 0.14 0.16 0.05 0.01 0.07 0.08 0.02
copper 1.00 0.52 0.57 0.47 0.71 0.18 0.21 0.21 0.14 0.18 0.19 0.08 -0.00 0.10 0.09 0.14 0.15 0.19 0.04 0.02 0.06 0.08 -0.02
nickel 1.00 0.42 0.38 0.49 0.09 0.12 0.12 0.01 0.15 0.10 0.05 0.00 0.02 0.09 0.10 0.09 0.08 0.01 -0.04 0.05 0.04 -0.02
lead 1.00 0.37 0.61 0.07 0.11 0.12 0.07 0.13 0.15 0.04 -0.00 0.05 0.09 0.09 0.12 0.14 0.02 -0.02 0.03 0.02 -0.03
tin 1.00 0.41 0.15 0.17 0.18 0.08 0.11 0.13 0.08 0.04 0.09 0.08 0.10 0.10 0.11 0.03 0.04 0.07 0.08 0.00
zinc 1.00 0.12 0.14 0.14 0.08 0.16 0.16 0.05 0.01 0.09 0.06 0.07 0.13 0.13 0.02 0.01 0.08 0.09 0.01
corn 1.00 0.68 0.56 0.59 0.18 0.33 0.08 0.11 0.52 0.21 0.18 0.10 0.17 0.03 0.10 0.09 0.13 -0.15
soybeans 1.00 0.79 0.47 0.20 0.34 0.06 0.05 0.49 0.21 0.24 0.14 0.15 0.06 0.09 0.15 0.10 -0.12
soyb. 1.00 0.37 0.17 0.35 0.07 0.04 0.42 0.27 0.28 0.16 0.21 0.08 0.06 0.15 0.13 -0.07
wheat 1.00 0.17 0.24 0.02 0.04 0.42 0.15 0.13 0.11 0.13 0.03 0.02 0.06 0.09 -0.10
coffe 1.00 0.18 0.09 0.08 0.13 0.10 0.04 0.19 0.19 0.06 -0.02 0.06 0.14 0.07
cotton 1.00 0.05 0.04 0.20 0.22 0.20 0.08 0.21 0.05 0.06 0.13 0.13 -0.01
oran. 1.00 -0.01 0.00 0.07 0.03 0.00 0.10 0.02 0.04 0.01 0.08 0.04
barely 1.00 0.06 0.04 0.01 0.03 0.05 0.03 0.09 -0.01 0.02 -0.00
oat 1.00 0.11 0.13 0.12 0.11 -0.00 0.11 0.11 0.06 -0.17
rice 1.00 0.10 0.06 0.29 0.01 0.00 0.08 0.11 0.01
palm oil 1.00 0.02 0.08 0.09 0.12 0.14 0.08 -0.05
cocao 1.00 0.14 0.02 0.06 0.07 0.09 0.01
sugar 1.00 0.00 0.02 0.11 0.14 0.04
lumber 1.00 0.01 0.01 0.06 0.06
sunflower 1.00 0.05 0.06 0.02




wti heat. natu. coal gold silver platinum palladium allu. copper nickel lead tin zinc corn soybeans soyb. wheat coffe cotton oran. barely oat rice palm oil cocao sugar lumber sunflower lean hogs live. feed.
wti 1.00 0.89 0.14 0.30 0.33 0.39 0.39 0.40 0.42 0.48 0.36 0.42 0.36 0.40 0.26 0.34 0.43 0.24 0.29 0.25 0.12 0.00 0.22 0.12 0.19 0.24 0.26 0.15 -0.01 0.13 0.21 0.15
heat. 1.00 0.13 0.28 0.30 0.36 0.37 0.37 0.37 0.44 0.33 0.38 0.32 0.36 0.24 0.33 0.42 0.23 0.25 0.23 0.10 0.02 0.21 0.10 0.19 0.23 0.23 0.14 -0.02 0.11 0.17 0.12
natu. 1.00 0.29 0.05 0.10 0.08 0.10 0.11 0.10 0.10 0.08 0.08 0.08 0.14 0.12 0.12 0.12 0.07 0.02 0.08 0.04 0.08 0.02 0.03 0.07 0.08 0.02 -0.05 0.06 0.06 0.04
coal 1.00 0.10 0.15 0.17 0.17 0.19 0.20 0.15 0.20 0.15 0.17 0.17 0.21 0.22 0.17 0.16 0.13 0.05 0.04 0.14 0.09 0.15 0.16 0.10 0.10 0.00 0.07 0.09 0.06
gold 1.00 0.84 0.69 0.53 0.35 0.38 0.28 0.32 0.25 0.36 0.21 0.22 0.25 0.19 0.21 0.15 0.06 0.02 0.18 0.13 0.08 0.14 0.12 0.05 0.02 0.06 0.07 -0.01
silver 1.00 0.70 0.58 0.43 0.48 0.36 0.41 0.33 0.42 0.24 0.27 0.32 0.21 0.26 0.18 0.11 0.01 0.20 0.16 0.16 0.16 0.17 0.10 0.02 0.09 0.10 0.02
platinum 1.00 0.75 0.47 0.49 0.38 0.43 0.38 0.46 0.21 0.29 0.32 0.21 0.23 0.21 0.09 -0.02 0.23 0.18 0.16 0.20 0.18 0.09 0.04 0.11 0.15 0.08
palladium 1.00 0.47 0.52 0.40 0.45 0.40 0.46 0.21 0.26 0.32 0.20 0.23 0.22 0.09 0.03 0.20 0.14 0.17 0.21 0.18 0.11 0.02 0.15 0.15 0.10
allu. 1.00 0.74 0.58 0.65 0.52 0.71 0.25 0.30 0.34 0.22 0.24 0.22 0.13 -0.02 0.19 0.17 0.16 0.23 0.21 0.12 -0.01 0.17 0.21 0.10
copper 1.00 0.67 0.73 0.59 0.78 0.24 0.31 0.38 0.23 0.28 0.25 0.14 -0.02 0.21 0.20 0.22 0.24 0.22 0.15 0.04 0.19 0.22 0.14
nickel 1.00 0.60 0.56 0.64 0.24 0.26 0.29 0.24 0.23 0.23 0.13 -0.02 0.19 0.14 0.15 0.19 0.23 0.15 0.05 0.17 0.19 0.10
lead 1.00 0.55 0.79 0.22 0.29 0.32 0.22 0.21 0.19 0.11 -0.01 0.18 0.16 0.21 0.21 0.18 0.15 0.05 0.15 0.16 0.08
tin 1.00 0.55 0.17 0.23 0.27 0.17 0.19 0.17 0.10 -0.02 0.13 0.10 0.17 0.22 0.17 0.14 0.02 0.14 0.15 0.09
zinc 1.00 0.22 0.28 0.34 0.21 0.25 0.21 0.12 -0.02 0.16 0.14 0.20 0.22 0.19 0.12 0.02 0.14 0.16 0.09
corn 1.00 0.60 0.49 0.72 0.23 0.21 0.10 0.04 0.56 0.28 0.13 0.16 0.24 0.10 0.03 0.23 0.26 -0.08
soybeans 1.00 0.74 0.53 0.22 0.27 0.14 0.03 0.43 0.31 0.24 0.18 0.23 0.13 0.03 0.19 0.25 0.01
soyb. 1.00 0.49 0.24 0.30 0.14 0.01 0.38 0.27 0.37 0.17 0.24 0.10 0.07 0.17 0.21 0.01
wheat 1.00 0.21 0.20 0.04 0.06 0.53 0.31 0.13 0.13 0.20 0.12 0.04 0.20 0.19 -0.07
coffe 1.00 0.21 0.07 0.06 0.20 0.13 0.09 0.24 0.30 0.10 0.03 0.12 0.14 0.07
cotton 1.00 0.09 0.05 0.20 0.16 0.10 0.18 0.20 0.09 0.03 0.09 0.12 0.05
oran. 1.00 -0.01 0.09 0.00 0.09 0.10 0.06 0.05 -0.03 0.10 0.11 0.09
barely 1.00 0.05 0.07 0.08 0.01 0.02 0.04 0.08 0.04 -0.05 -0.09
oat 1.00 0.32 0.13 0.10 0.16 0.10 0.03 0.16 0.18 -0.02
rice 1.00 0.12 0.10 0.15 0.07 0.05 0.09 0.08 -0.05
palm oil 1.00 0.10 0.07 0.04 0.19 0.05 0.02 -0.03
cocao 1.00 0.16 0.08 -0.06 0.08 0.08 0.04
sugar 1.00 0.08 -0.02 0.11 0.13 0.07
lumber 1.00 -0.00 0.09 0.05 0.00
sunflower 1.00 -0.01 0.02 -0.03










Table 4: Co-movements across the In-index commodities.
wti heat. natu. gold silver platinum palladium allu. copper nickel lead tin zinc corn soybeans soyb. wheat coffe cotton oran. oat rice cocao sugar lumber lean hogs live. feed.
wti 1.00 0.94 0.52 0.32 0.31 0.25 0.24 0.25 0.26 0.15 0.16 0.18 0.19 0.27 0.31 0.37 0.18 0.16 0.21 0.09 0.17 0.16 0.12 0.20 0.01 0.10 0.11 -0.01
heat. 1.00 0.49 0.30 0.26 0.21 0.20 0.24 0.24 0.13 0.14 0.17 0.18 0.24 0.29 0.33 0.17 0.15 0.19 0.08 0.16 0.11 0.11 0.16 0.00 0.08 0.10 -0.02
natu. 1.00 0.19 0.32 0.15 0.12 0.13 0.14 0.06 0.07 0.10 0.09 0.14 0.18 0.25 0.06 0.12 0.16 0.10 0.09 0.26 0.07 0.31 -0.02 0.10 0.15 0.09
gold 1.00 0.74 0.49 0.50 0.36 0.39 0.25 0.27 0.26 0.35 0.22 0.23 0.30 0.17 0.16 0.23 0.08 0.17 0.16 0.23 0.17 0.01 0.09 0.10 -0.01
silver 1.00 0.44 0.50 0.34 0.37 0.22 0.25 0.24 0.33 0.23 0.24 0.33 0.14 0.21 0.28 0.10 0.17 0.29 0.23 0.32 0.04 0.13 0.18 0.06
platinum 1.00 0.50 0.31 0.32 0.22 0.20 0.16 0.28 0.22 0.22 0.24 0.15 0.19 0.18 0.13 0.13 0.17 0.16 0.18 -0.01 0.04 0.10 0.03
palladium 1.00 0.34 0.34 0.25 0.26 0.21 0.31 0.18 0.22 0.25 0.13 0.20 0.19 0.06 0.18 0.13 0.20 0.19 0.03 0.04 0.12 0.07
allu. 1.00 0.72 0.49 0.53 0.41 0.65 0.17 0.18 0.19 0.12 0.18 0.14 0.11 0.10 0.09 0.14 0.15 0.04 0.06 0.08 0.02
copper 1.00 0.54 0.56 0.47 0.71 0.16 0.19 0.20 0.13 0.18 0.18 0.08 0.09 0.10 0.15 0.18 0.04 0.07 0.09 -0.01
nickel 1.00 0.41 0.38 0.50 0.08 0.11 0.10 0.02 0.15 0.10 0.06 0.02 0.08 0.09 0.08 0.02 0.06 0.05 -0.01
lead 1.00 0.37 0.60 0.07 0.10 0.11 0.07 0.12 0.14 0.04 0.04 0.10 0.13 0.13 0.03 0.04 0.03 -0.03
tin 1.00 0.41 0.14 0.16 0.17 0.08 0.10 0.11 0.08 0.07 0.06 0.07 0.11 0.03 0.06 0.06 0.00
zinc 1.00 0.11 0.12 0.12 0.09 0.15 0.14 0.05 0.08 0.07 0.13 0.12 0.02 0.09 0.09 0.01
corn 1.00 0.63 0.52 0.59 0.17 0.30 0.07 0.52 0.22 0.11 0.17 0.06 0.09 0.12 -0.17
soybeans 1.00 0.79 0.45 0.19 0.34 0.06 0.46 0.22 0.13 0.15 0.07 0.15 0.11 -0.11
soyb. 1.00 0.37 0.15 0.35 0.07 0.38 0.27 0.15 0.20 0.07 0.15 0.12 -0.07
wheat 1.00 0.15 0.23 -0.02 0.42 0.16 0.10 0.13 0.05 0.07 0.08 -0.10
coffe 1.00 0.19 0.09 0.12 0.09 0.19 0.18 0.06 0.07 0.13 0.07
cotton 1.00 0.05 0.19 0.21 0.10 0.20 0.05 0.13 0.13 0.00
oran. 1.00 -0.00 0.05 0.01 0.11 0.02 0.00 0.10 0.06
oat 1.00 0.14 0.12 0.12 0.01 0.11 0.05 -0.17
rice 1.00 0.06 0.29 0.02 0.07 0.10 0.01
cocao 1.00 0.15 0.02 0.06 0.09 0.01
sugar 1.00 -0.00 0.11 0.13 0.03
lumber 1.00 0.01 0.04 0.04




wti heat. natu. gold silver platinum palladium allu. copper nickel lead tin zinc corn soybeans soyb. wheat coffe cotton oran. oat rice cocao sugar lumber lean hogs live. feed.
wti 1.00 0.89 0.14 0.32 0.37 0.40 0.42 0.42 0.47 0.37 0.41 0.37 0.40 0.26 0.34 0.43 0.23 0.28 0.25 0.12 0.21 0.13 0.24 0.26 0.14 0.15 0.23 0.17
heat. 1.00 0.13 0.29 0.34 0.37 0.38 0.37 0.42 0.34 0.37 0.33 0.36 0.24 0.33 0.43 0.22 0.25 0.24 0.11 0.21 0.11 0.23 0.24 0.13 0.12 0.20 0.14
natu. 1.00 0.04 0.09 0.07 0.10 0.10 0.10 0.08 0.08 0.06 0.08 0.14 0.11 0.12 0.12 0.08 0.03 0.08 0.08 0.05 0.07 0.08 0.02 0.08 0.06 0.04
gold 1.00 0.84 0.69 0.52 0.34 0.37 0.27 0.32 0.24 0.35 0.21 0.22 0.26 0.18 0.22 0.15 0.05 0.18 0.12 0.14 0.12 0.05 0.04 0.07 -0.01
silver 1.00 0.69 0.58 0.42 0.48 0.36 0.41 0.33 0.42 0.25 0.28 0.32 0.21 0.26 0.19 0.11 0.21 0.16 0.17 0.17 0.09 0.07 0.11 0.01
platinum 1.00 0.76 0.47 0.49 0.39 0.44 0.38 0.46 0.22 0.30 0.33 0.20 0.24 0.21 0.10 0.24 0.17 0.21 0.18 0.11 0.11 0.16 0.09
palladium 1.00 0.48 0.52 0.41 0.46 0.40 0.48 0.22 0.28 0.33 0.20 0.24 0.24 0.11 0.21 0.14 0.21 0.18 0.12 0.14 0.16 0.11
allu. 1.00 0.74 0.58 0.66 0.53 0.72 0.26 0.31 0.35 0.22 0.24 0.23 0.14 0.20 0.18 0.24 0.22 0.13 0.18 0.22 0.10
copper 1.00 0.66 0.74 0.60 0.78 0.25 0.33 0.39 0.24 0.28 0.26 0.14 0.22 0.20 0.24 0.23 0.15 0.18 0.22 0.12
nickel 1.00 0.61 0.57 0.63 0.25 0.28 0.31 0.24 0.23 0.23 0.12 0.20 0.15 0.20 0.23 0.14 0.17 0.18 0.09
lead 1.00 0.55 0.79 0.23 0.31 0.34 0.22 0.22 0.20 0.11 0.19 0.16 0.21 0.19 0.14 0.15 0.16 0.08
tin 1.00 0.56 0.18 0.24 0.29 0.17 0.20 0.19 0.10 0.14 0.12 0.25 0.17 0.14 0.16 0.17 0.09
zinc 1.00 0.23 0.30 0.36 0.20 0.26 0.22 0.12 0.17 0.14 0.22 0.21 0.12 0.13 0.18 0.09
corn 1.00 0.64 0.52 0.72 0.25 0.23 0.11 0.56 0.28 0.15 0.24 0.09 0.23 0.28 -0.06
soybeans 1.00 0.74 0.55 0.24 0.26 0.14 0.46 0.31 0.19 0.24 0.12 0.19 0.25 0.00
soyb. 1.00 0.49 0.26 0.29 0.14 0.40 0.27 0.18 0.25 0.11 0.17 0.23 0.01
wheat 1.00 0.24 0.21 0.07 0.53 0.31 0.13 0.21 0.11 0.19 0.21 -0.06
coffe 1.00 0.20 0.07 0.21 0.14 0.24 0.30 0.11 0.12 0.15 0.07
cotton 1.00 0.09 0.22 0.16 0.17 0.21 0.08 0.09 0.12 0.04
oran. 1.00 0.10 0.02 0.10 0.05 0.05 0.11 0.09 0.07
oat 1.00 0.30 0.10 0.16 0.09 0.16 0.20 -0.01
rice 1.00 0.11 0.14 0.06 0.09 0.08 -0.04
cocao 1.00 0.16 0.08 0.09 0.08 0.05
sugar 1.00 0.09 0.10 0.14 0.08
lumber 1.00 0.08 0.07 0.02










Table 5: Co-movements across Off-index commodities.
coal barely palm oil sunflower
coal 1.00 0.04 0.06 0.00
barely 1.00 -0.00 0.06
palm oil 1.00 0.05
sunflower 1.00
(a) Rˆ1
coal barely palm oil sunflower
coal 1.00 0.05 0.19 0.04
barely 1.00 0.12 0.14









Table 6: Co-movements between Non-Energy commodities with WTI.
Rˆ1 Rˆ2 Rˆ3 Cˆ1 Cˆ2 Cˆ3 Pˆ
Total Non-Energy (TNE)



































































































































Off index Non-Energy (ONE)





































(a) Total, In- and off-index commodities with WTI.
Rˆ1 Rˆ2 Rˆ3 Cˆ1 Cˆ2 Cˆ3 Pˆ
Precious



















































































































































































































































































































































(b) Equally-weighted constructed commodity indices with WTI.
Rˆ1 Rˆ2 Rˆ3 Cˆ1 Cˆ2 Cˆ3 Pˆ
Precious















































































































































































































































































































































































(c) Constructed commodity indices, using GSCI weights, with WTI.
Table 7: Bivariate commo with WTI.
Rˆ1 Rˆ2 Rˆ3 Cˆ1 Cˆ2 Cˆ3 Pˆ
heating oil

























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table 8: Co-movements between commodities and the S&P500.
Rˆ1 Rˆ2 Cˆ1 Cˆ2 Pˆ
DJUBS























































































































































(a) Commodity indices with the S&P500.
Rˆ1 Rˆ2 Cˆ1 Cˆ2 Pˆ
Energy









































































































































































































































































(b) Equally-weighted constructed commodity indices with S&P500.
Rˆ1 Rˆ2 Cˆ1 Cˆ2 Pˆ
Energy









































































































































































































































































(c) Constructed commodity indices, using GSCI weights, with S&P500.
Table 9: Bivariate commodity-equity estimations.
Rˆ1 Rˆ2 Cˆ1 Cˆ2 Pˆ
wti































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table 10: Co-movements between commodities and US Bonds.
Rˆ1 Rˆ2 Cˆ1 Cˆ2 Pˆ
DJUBS























































































































































(a) Commodity indices with US Bonds.
Rˆ1 Rˆ2 Cˆ1 Cˆ2 Pˆ
Energy









































































































































































































































































(b) Equally-weighted constructed commodity indices wih US Bonds.
Rˆ1 Rˆ2 Cˆ1 Cˆ2 Pˆ
Energy









































































































































































































































































(c) Constructed commodity indices, using GSCI weights, with US Bonds.
Table 11: Bivariate commodity-bond estimations.
Rˆ1 Rˆ2 Cˆ1 Cˆ2 Pˆ
wti

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